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SUMMARY

The pseudo-marginal algorithm is a variant of the Metropolis—Hastings algorithm which
samples asymptotically from a probability distribution when it is only possible to estimate unbi-
asedly an unnormalized version of its density. Practically, one has to trade off the computational
resources used to obtain this estimator against the asymptotic variances of the ergodic averages
obtained by the pseudo-marginal algorithm. Recent works on optimizing this trade-off rely on
some strong assumptions, which can cast doubts over their practical relevance. In particular, they
all assume that the distribution of the difference between the log-density, and its estimate is inde-
pendent of the parameter value at which it is evaluated. Under regularity conditions we show that
as the number of data points tends to infinity, a space-rescaled version of the pseudo-marginal
chain converges weakly to another pseudo-marginal chain for which this assumption indeed
holds. A study of this limiting chain allows us to provide parameter dimension-dependent guide-
lines on how to optimally scale a normal random walk proposal, and the number of Monte Carlo
samples for the pseudo-marginal method in the large-sample regime. These findings complement
and validate currently available results.

Some key words: Asymptotic posterior normality; Intractable likelihood; Large-sample theory; Metropolis—Hastings
algorithm; Random measure; Weak convergence.

1. INTRODUCTION

The pseudo-marginal algorithm is a variant of the popular Metropolis—Hastings algorithm in
which an unnormalized version of the target density is replaced with a nonnegative unbiased
estimate. The algorithm first appeared in the physics literature (Lin et al., 2000) and has become
popular in Bayesian statistics, as many intractable likelihood functions can be estimated unbias-
edly using importance sampling or particle filters (Beaumont, 2003; Andrieu & Roberts, 2009;
Andrieu et al., 2010).

Replacing the true likelihood in the Metropolis—Hastings algorithm with an estimate results in
a trade-off: the asymptotic variance of an ergodic average of a pseudo-marginal chain typically
decreases as the number of Monte Carlo samples, NV, used to obtain the likelihood estimator
increases, as established by Andrieu & Vihola (2016) for importance sampling estimators; how-
ever, this comes at the cost of a higher computational burden. An important task in practice is
therefore to choose N such that the computational resources required to obtain a given asymptotic
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variance are minimized. This problem has already been investigated by Pitt et al. (2012), Doucet
etal. (2015) and Sherlock et al. (2015), who obtained guidelines under various assumptions either
on the proposal (Pitt et al., 2012; Doucet et al., 2015) or on the proposal and target distribution
(Sherlock et al., 2015).

Additionally, all these contributions make the assumption that the noise in the loglikelihood
estimator, i.e., the difference between the estimator and the true loglikelihood, is Gaussian with
variance inversely proportional to N, its mean and variance being independent of the parameter
value at which it is evaluated. A similar assumption has also been used by Nemeth et al. (2016) for
the analysis of a related algorithm. This assumption can cast doubts over the practical relevance of
the guidelines provided in these works. The normal-noise assumption was motivated in Pitt et al.
(2012), Doucetetal. (2015) and Sherlock et al. (2015) by the fact that the error in the loglikelihood
estimator for state-space models computed using a particle filter is asymptotically normal with
variance proportional to y as T — oo with N = T/y (Bérard et al., 2014). In addition, the
constant-variance assumption over the parameter space was motivated in Pitt et al. (2012) and
Doucet et al. (2015) by the fact that the posterior typically concentrates as T increases. However,
no formal argument justifying why the pseudo-marginal chain would behave as a Markov chain
for which these assumptions hold has been provided.

In this article we carry out a novel weak convergence analysis of the pseudo-marginal algorithm
in a Bayesian setting, which not only justifies these assumptions, but also allows us to obtain more
precise guidelines on how to optimally tune the algorithm as a function of the parameter dimension
d. Weak convergence techniques have become very popular in the Markov chain Monte Carlo
literature since their introduction in the seminal paper of Roberts et al. (1997). With the exception
of Deligiannidis et al. (2018), all these analyses have been performed in the asymptotic regime,
where the parameter dimension d tends to infinity. Results of this type typically require strong
structural assumptions on the target distribution, such as having d independent and identically
distributed components as in Sherlock et al. (2015). We analyse here the pseudo-marginal scheme
in the large-sample asymptotic regime where the number of data points 7" goes to infinity while d
is fixed. Under weak regularity conditions, we show that a space-rescaled version of the pseudo-
marginal chain converges to a pseudo-marginal chain targeting a normal distribution for which
the noise in the loglikelihood estimator is indeed also normal with constant mean and variance.
We provide numerical results on optimally scaling normal random walk proposals and the noise
variance to optimize the performance of the limiting Markov chain as a function of d. These
guidelines complement and validate the results obtained in Doucet et al. (2015) and Sherlock
et al. (2015). All proofs can be found in the Supplementary Material.

2. THE PSEUDO-MARGINAL ALGORITHM
2.1. Background

Consider a Bayesian model on the Borel space {®, B(®)} where ® C R?. The parameter
6 € © follows a prior distribution p(df), and 6 — p(y | 6) is the likelihood function, where
vy = (1,...,yr) denotes the vector of observations. When the likelihood arises from a complex
latent variable model, an analytic expression for p(y | #) may not be available. Hence, the
standard Metropolis—Hastings algorithm cannot be used to sample the posterior distribution
p(do | y) o p(dO) p(y | 0), as the likelihood ratio p(y | 6")/p(y | 6) appearing in the Metropolis—
Hastings acceptance probability, when at parameter 6 and proposing 6’, cannot be computed.
Assume that we have access to an unbiased positive estimator p(y | 6, U) of the intractable
likelihood p(y | 0), where U ~ myg represents the auxiliary variables on {U/, B(U{)} used to
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Large-sample asymptotics of the pseudo-marginal method 3

compute this estimator. We introduce the following probability measure on {® xU, B(©) xB(U)}:

Py 16,u)

dé,du) = p(do
7 ( u) = p( |y)p(y|9)

mgy (du)a

which satisfies w(d6) = p(d@ | y). The pseudo-marginal algorithm is a Metropolis—Hastings
scheme targeting 7 (df, du), and hence marginally p(df | y), using a proposal distribution
00, u;do’,du’) = g(0,d0") mg/ (du'). This yields the acceptance probability

a(e,u;e’,u/):min{l, r(e,e/)p(yle,u)/p(yle)}’ 0.0y — T(49) 40", d6)

P 160,u)/p(y | 6)  w(do) q(6,do")’

As in previous works (Andrieu & Roberts, 2009; Pitt et al., 2012; Andrieu & Vihola, 2015;
Doucet et al., 2015; Sherlock et al., 2015), we analyse the pseudo-marginal algorithm using
additive noise in the loglikelihood estimator, writing Z(6) = logp(y | 6, U) — logp(y | 6). This
parameterization allows us to write the target distribution as a measure on {® x R, B(®) x B(R)}
with

7(d6,dz) = p(do | y) exp(z) g(dz | 0),
where Z(0) ~ g(- | 8) when U ~ mg, and the associated pseudo-marginal kernel is
P6,z;d0’,dz") = q(6,d6") g(dz’ | 9/)01(9,2;9’,2’) + p(0, z) 8, (d0’,dz"),
with acceptance probability
a(@,z; 9/,2/) = rnin{l, 70,0 exp(z’ — z)}
and corresponding rejection probability p (6, z).

2.2. Literature review
In this subsection we review recent research motivating the present work. To this end, we

need to introduce some additional notation. Let © be a probability measure on {R”, B(R")}
and IT: R” x B(R") — [0, 1] a Markov transition kernel. For any measurable function f* and

measurable set 4, we write u(f) = [ f()u(dx), u(4) = u{l4(-)} and I/ (x) = [ T (x, dy)f ().
We consider the Hilbert space Lz(,u) with inner product (f, g),, = f f(x)g(x)u(dx). Forafunction
f € L*(w), the asymptotic variance of averages of a stationary Markov chain Xi)k>o0 of a
j-invariant transition kernel IT is defined as

2

| M
var(f, IT) =A/11i—r>nooME {Zf(Xk)—M(f)} s
k=1

or var(f, IT) = var{f (Xp)} IAT(f, I1) when the integrated autocorrelation time
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cov{f (Xo),/ (X}
var{f (Xo)}

oo
IAT(f,H)=1+2Z
k=1

is finite. We denote by ¢ (x; m, A) the normal density of argument x, mean m and covariance A.

To obtain guidelines for balancing the computational cost and accuracy of the likelihood
estimator, Pitt et al. (2012), Doucet et al. (2015) and Sherlock et al. (2015) made the simplifying
assumption that g(dz | 0) = ¢(dz; —0%/2,02) with 6> o« 1/N and focused on functions
f € L*(x) such that £ (0, z) = f(0,z') for any z and z’. Under these assumptions, it was first
proposed by Pitt et al. (2012) to minimize

CT(f, Py) = m((’;# Q)

with respect to o, where
Py (0,2;d0',d2') = q(0,d0") p(dz; —0%/2,0%) a(0,2;6",2) + po (0, 2) 0, (d6',dZ)), (2)

with p, (8, z) being the corresponding rejection probability. Criterion (1) arises from the fact that
the computational time required to evaluate the likelihood is typically proportional to N. Under
the additional assumption that ¢(0, d60’) = 7 (d#’), the minimizer of cT(f, P,) is o = 0.92 (Pitt
et al., 2012). For general proposal distributions, Doucet et al. (2015) minimize upper bounds
on CT(f, P,). This results in guidelines saying that one should indeed select o around 1.0 when
the Metropolis—Hastings algorithm using the exact likelihood would provide an estimator having
a small integrated autocorrelation time, and around 1.7 when this autocorrelation time is very
large (Doucet et al., 2015). In practical scenarios, the integrated autocorrelation time of the
Metropolis—Hastings algorithm using the exact likelihood is unknown, and the results in Doucet
et al. (2015) suggest selecting o around 1.2 as a robust default choice. A slightly different
approach was taken by Sherlock et al. (2015). In addition to similar noise assumptions, they
assumed that the posterior factorizes into d independent and identically distributed components
and that one uses an isotropic normal random walk proposal of jump size proportional to £. In
this context, one maximizes with respect to (o, £) the expected squared jump distance associated
with the pseudo-marginal sequence of the first parameter component (9, x)x>0 divided by the
noise variance as d — oo. In this asymptotic regime, a time-rescaled version of (91, x)i>0
converges weakly to a diffusion process and the adequately rescaled expected squared jump
distance converges to the squared diffusion coefficient of this process. Maximizing this squared
jump distance is asymptotically equivalent to minimizing cT(f', P, ) irrespective of f (see Roberts
& Rosenthal, 2014), and its maximizing arguments are o = 1.8 and £ = 2.56 (Sherlock et al.,
2015, Corollary 1). In practice, the standard deviation of the loglikelihood estimator varies over
the parameter space and one selects N such that this standard deviation is approximately equal to
the desired o for a parameter value around the mode of the posterior obtained from a preliminary
run.

The strong assumptions made in those papers can bring into question the merits of the guidelines
they provide. Our novel weak convergence analysis of the pseudo-marginal algorithm justifies the
main common assumption in the large-sample regime, as 7 — o0. This convergence occurs under
fairly weak regularity conditions on the posterior distribution. The resulting limiting algorithms
can be optimized to give guidelines for random walk proposals without relying on any upper
bound as in Doucet et al. (2015).
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3. LARGE-SAMPLE ASYMPTOTICS OF THE PSEUDO-MARGINAL ALGORITHM
3.1. Notation and assumptions

Our analysis of the pseudo-marginal algorithm relies on the assumption that the posterior
concentrates, which is most commonly formulated in terms of convergence in probability with
respect to the data distribution, denoted by PY . For our result to hold under this weak assumption,
we take into account the randomness induced by the data, resulting in a random Markov chain
and requiring us to deal with weak convergence of random probability measures. To make this
more precise, we introduce the following notation.

The observations (Y;);>1 are regarded as random variables defined on a probability space
(YN, B(Y)N, PY}, where B(Y)Y denotes the Borel o-algebra and we write Q = YN for brevity.
For T > 1 we can define the random variables Y. = (Y1, ..., Y1) as the coordinate projections
to YT Then, for w = W)ez1 € 2, w7 (dO) = p(do | y1.7) denotes a regular version of the target
posterior distribution and, for any 6 € ®, g7 (dz | €) denotes the conditional distribution of the
error in the loglikelihood estimator given observations y1.7. The measures 77 and g7 can be
interpreted as random measures. Relevant results for random measures are discussed briefly in
§ 4 and in more detail in the Supplementary Material. In the following we will use a superscript
o to highlight that a certain quantity depends on the data. All probability densities considered
hereafter are with respect to Lebesgue measure, and we use the same symbols for distributions
and densities; for example, u(d9) = w(6) do.

In this context, the target distribution of the pseudo-marginal algorithm is

77 (d6,dz) = 77 (d0) exp(z) g7 (dz | 6),
and its transition kernel is
P2(0,2;d6',d2") = qr(0,d0") g2(dz' | 0') 2(6,2:6",2) + p£ (0, 2) 8¢9, (dO, d2'),

where

nP(do’) qr(0',d0)
P (df) qr(6,d6’)

af(0,z;6',2') = min{l, exp(z’ —z)}

and p7 (0, z) is the corresponding rejection probability.
Our first assumption is that the posterior distributions concentrate towards a Gaussian at rate
1/4/T. We denote by YVr the o -algebra spanned by Y.7.

Assumption 1. The posterior distributions {77 (df)}7>1 admit Lebesgue densities, and there

exist a d x d positive-definite matrix X, a parameter value 0 € ®anda sequence (é;") 7>1 of
Yr-adapted random variables such that as 7 — oo,

f‘ ©@) — 99T,E/T)‘d9—>0 b2 - g, 3)

both limits being in PY -probability.

Assumption 1 is satisfied if a Bernstein—von Mises theorem holds; see van der Vaart (2000,
Theorem 10.1) and Kleijn & Van der Vaart (2012). Our second assumption is that we use random
walk proposal distributions with appropriately scaled increments.
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Assumption 2. The proposal distributions {g7(0,d6")}r>1 admit densities of the form
qr(0,0') = JTv{JT© - 0)},
where v is a continuous density on R

Finally, we assume that the error in the loglikelihood estimator satisfies a central limit theorem
conditional on Yr and that this convergence holds uniformly in a neighbourhood of 6.

Assumption 3. There exists an e-ball B(6) around # such that the distributions of the error in
the loglikelihood estimator {g7(dz | 6)}r>1 satisfy, as T — oo,

sup di[7(- 16), of-;—0(0)/2,6%(6)}] — 0
6eB(0)

in PY -probability, where dp. (-, -) denotes the bounded Lipschitz metric and the functiono : © —
[0, 00) is continuous at & with 0 < o(f) < oo. An analogous result holds for g grdz | 0) =
exp(z)g7(dz | 0), the distribution of this error at equilibrium; that is, as 7 — oo,

sup dy [27(- | 6), 9f-507(0)/2,67(6)}] — 0
0eB(0)

in P -probability.

We will refer to convergence in probability with respect to the bounded Lipschitz metric as weak
convergence in probability. In § 5 we provide sufficient conditions under which Assumption 3 is
satisfied for random effects models, where the likelihood estimator is a product of 7" independent
importance sampling estimators. This differs from scenarios in which the likelihood estimator
is given by one single importance sampling estimator, as in Sherlock et al. (2017). Empirical
evidence in Pitt et al. (2012) and Doucet et al. (2015) also suggests that Assumption 3 might
hold for a large class of state-space models when the likelihood is estimated using particle filters.
Under strong assumptions, a standard central limit theorem has been established by Bérard et al.
(2014) for g7 (- | 6). However, it would be technically very challenging to provide weak sufficient
conditions under which Assumption 3 holds in this context.

3.2. Weak convergence in the large-sample regime

Denote by (z?T k,Z‘“ k)k>0 the stationary Markov chain defined by the pseudo-marginal
kernel, (ﬂT O,Z‘}’ o) ~ mf and (z?T © “’k) ~ P“’(ﬂT e 1,Z‘T‘)k ;»)) for & > 1. Let

X7 = (19T 02, 7 1)k>0 where z?‘T‘) L =TOP 9“’) is the Markov chain arising from rescaling
the parameter component of the pseudo- margmal chain. Its transition kernel is thus

PR(0,2;d6',d2") = §r(0,d6") g2(d='16") a@7(0,2;6',2') + 57(0,2) 8 5., (d6',dz),  (4)
where

(6" gr(6',d6)

A
) = po = exXplz —zZ )
72(6) 376,45 P 7P

a2,z 5/,2/) = min{l
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p%(8, z) is the corresponding rejection probability, 7 0) = J'r;’(é%’ +6/JT)//T,q70,0") =
qr02 +6/T,02 +6'/JT)//T and g8z | ) = g2(z | 62 + §//T). Under Assumption 2
we have §7(6,0") = v(8’ — ) = §(F,6’). We now state the main result of this paper.

THEOREM 1. Under Assumptions 1-3, as T — o0 the sequence (x7)r>1 of stationary Markov
chains converges weakly in PY -probability to the law of a stationary Markov chain with initial

distribution
#(df, dz) = ¢(df;0, ) p(dz;02/2,0%) Q)
and transition kernel
P(6,2;d6',dz) = 3(0,d0") 9(dz'; —07/2,0%) &(6,2,6",2)) + 5(0,2) § 5., (d6',dz)),  (6)
where o = 0’(9_),

9(0';0,%) g(@',0)
€X

&0,z;0',7) =min{ 1, = 2 (Z —2)
0(@:0,5) 36,0 T

and p(0, z) is the corresponding rejection probability.

Under this asymptotic regime, the limiting transition kernel P in (6) is also a pseudo-marginal
kernel for which the noise distribution is ¢(dz; —o%/2, 0'%) as assumed in previous analyses (Pitt
et al., 2012; Doucet et al., 2015; Sherlock et al., 2015). As Theorem 1 is a weak convergence
result, it does not imply that the integrated autocorrelation time of the pseudo-marginal kernel
f"; converges to that of P. However, it suggests that for large T, some characteristics of P‘}’
can indeed be captured by those of the kernel (2), which can be obtained from P by using the
change of variables 6 = é;‘f +6/./T and substituting the true target for its normal approximation

¢(0;6%, % /T), hence removing a level of approximation.

4. OUTLINE OF THE PROOF OF THE MAIN RESULT
4.1. Random Markov chains

The proof of Theorem 1 follows from a slightly more general result on weak convergence of
random Markov chains on Polish spaces, given in Theorem 2 below. We first introduce some
notation and recall some definitions concerning random probability measures needed to define
random Markov chains; see the Supplementary Material or Crauel (2003) for more details.

Let (2, F,P) be a probability space and S a Polish space endowed with its Borel o-algebra
B(S). We equip the product space 2 x S with the product o-algebra F ® B(S). We denote by
‘P(S) the space of Borel probability measures which is itself endowed with the Borel o -algebra
B{P(S)} generated by the weak topology. Finally, C},(S) denotes the set of continuous bounded
functions and BL(S) the set of bounded Lipschitz functions.

DEFINITION 1. A4 random probability measure is a map n: Q x B(S) — [0,1], (w,B) +—
w(w,B) = pn?(B), such that for every B € B(S) the map w — wu(w,B) is measurable while
u® € P(S) P-almost surely.
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For all bounded and measurable functions g: 2 x § — R, w +— fS g(w,x)u®(dx) is
measurable (Crauel, 2003, Proposition 3.3) and hence the map w +— u®(f) is a random
variable for bounded measurable functions f: § — R. Consequently, u“: Q — P(S) is
a Borel-measurable map. Conversely, it can be shown that any random element of
{P(S), B{P(S)}} fulfils the conditions set out in Definition 1; see Crauel (2003, Remark 3.20(i)) or
Kallenberg (2006, Lemma 1.37).

DEFINITION 2. A random Markov kernel is a map K : Q x S x B(S) — [0,1], (w,x,B) —
K(w,x,B) = K®(x,B), such that
(1) (w,x) — K®(x,B) is F ® B(S)-measurable for every B € B(S), and
(i) K?(x,-) € P(S) P-almost surely for every x € S.

LEMMA 1. Given a random probability measure u” and random Markov kernel K, there
exists an almost surely unique random probability measure u™® on SY such that

,LLN’w(Al X - X Ak X Ek+l) = /

Ay

Mw(dxl)/ Kw(xbdxz)-'-/ K®(xg—1,dxg)
Ar Ap

forany A; € B(S) i =1,...,k), k e Nand E+1 = x;’ik“S.

4.2. Convergence of random Markov chains
For a sequence of random probability measures (uy),>1 converging in a suitable sense to
a probability measure p, and a sequence of random Markov kernels (K;’),>1 converging in a
suitable sense to a Markov kernel K, we show that the distributions of the associated Markov
chains (M,R,T’w)@l defined in Lemma 1 converge weakly in probability to the distribution u" of
the homogeneous Markov chain of the initial distribution « and Markov kernel K.

THEOREM 2. Suppose that the following assumptions hold:

(1) the random probability measures (uy)n>1 converge weakly in probability to a
probability measure i as n — 00;
(1) the random Markov transition kernels (K;’),>1 satisfy

f K f () — Kf ()] 5y (dx) — 0

in probability as n — oo for all f € BL(S), where K is a Markov transition kernel;
(iil) the transition kernel K is such that x — Kf (x) is continuous for any f € C,(S).

Then, as n — oo, the measures (ME"“)@] on SN converge weakly in probability to the measure
wN induced by the Markov chain with initial distribution . and transition kernel K.

4.3. Application to the pseudo-marginal algorithm

Theorem 1 follows from Theorem 2 upon verifying that, under Assumptions 1-3, all the
conditions set out in Theorem 2 are fulfilled. First, as we increase the number of data points,
the stationary distribution of the Markov chain will converge weakly to the limiting stationary
distribution of Theorem 2.

PROPOSITION 1. Under Assumptions 1 and 3,

7%(d6,dz) — 7(d6,dz)
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weakly in PY-probability as T — oo, where Ty (df,dz) = Ty (df) exp(z) g7 (dz | ) with
Ty (d6) and g7(dz) as defined in §3.2 and 7(df,dz) as defined in (5).

This result holds because the marginal 77 (df) concentrates around the limiting parameter
value 6 while the noise converges uniformly to a normal distribution in a neighbourhood around
6. The next proposition ensures the stability of the transition and can be proved using similar
arguments.

PROPOSITION 2. Under Assumptions 1-3, as T — oo we have that for any f € BL(R?t!),
/ P21, 2) — Pf (0, 2)| #(d6,dz) — 0

in PY -probability, where the transition kernels }N’é‘f and P are defined in (4) and (6).

A further requirement to ensure the stability of the transition is that the application of the
transition operator should conserve continuity.

PROPOSITION 3. Under Assumption 2, the map (60, z) — 13f (6, z) is continuous for every
[ € G

Theorem 1 now follows from a direct application of Theorem 2, as the assumptions (i), (ii)
and (iii) hold by Propositions 1, 2 and 3, respectively.

5. RANDOM EFFECTS MODELS
5.1. Statistical model and likelihood estimator

We establish sufficient conditions under which weak convergence of the pseudo-marginal
algorithm holds for an important class of latent variable models. Consider the model

Xi~fC¢10), Yi|X~g([X,0),

where (X;);>1 are independent R¥-valued latent variables, f(x | ) is a density with respect to
Lebesgue measure, and (Y;);>1 are Y-valued observations distributed according to a conditional
density g(v | x,0) with respect to a dominating measure, Y being a topological space. For
observations Y1.7 = y1.7, the likelihood is

T T
porr10) =[]p0r16) =] / g0 | x0,0)f (x| 0) dx;.
t=1 t=1

In many scenarios, this likelihood is not available analytically. In order to perform Bayesian infer-
ence about the parameter 6, we can use the pseudo-marginal algorithm as it is possible to obtain
an unbiased nonnegative estimator of p(y;.7 | 6) using importance sampling. Indeed, we can
consider p(y1.7 | 8,U) = ]_[thlfy(y, | 0,U;) where U = (Uy,...,Ur), Uy = (Upt, ..., Un),
each U;; is RF_valued, N denotes the number of Monte Carlo samples, and p(y; | 0, U;) is
important sampling estimator of p(y; | 8) of the form

g | Ui, 0)f (Ui | 6)
h(U,i | y1,0)

N

. 1

p(yl | 95 Ul) = N § 1 W(yl‘a Ul‘,iae)a W(Vt, Ul,ive) =
=
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with U; ; ~ h(- | y:,0), where h(- | y;,0) is a probability density on R* with respect to
Lebesgue measure. In this case, the joint density mr ¢ (u) of all the auxiliary variates used to
obtain the likelihood estimator is given by the product overt = 1,...,7 andi = 1,...,N of
h(uy, ;i | yi,6). We will assume in what follows that the true observations are independent and iden-
tically distributed samples taken from a probability measure u, so that the joint data distribution
is the product measure PY (dw) = [0, n(dys).

5.2. Verifying the assumptions

The Bernstein—von Mises theorem holds under weak regularity conditions; see van der Vaart
(2000, Theorem 10.1) and the Supplementary Material for the case of generalized linear mixed
models presented in § 5.3. This ensures that Assumption 1 is satisfied while Assumption 2 is easy
to fulfil, selecting for example a multivariate normal proposal with covariance scaling as 1/7.
Assumption 3 is more complicated as it requires the establishment of uniform conditional central
limit theorems for p(Y1.7 | 0, U) in scenarios where U ~ mr g arises from the proposal, so that
Z ~ g7(- | 0), or at stationarity where U ~ 77 (- | 6) with

_ pi.r | 0,u)
pir | 0)

implying that Z ~ g7(- | 6). We let o2(y,0) = var{w(y, Ui1,0)}, 02(0) = E{o?(Y},6)), with
U1 ~ h(- | y,0), Y1 ~ wand

wy(u|6) mr.g(u),

W(Yta Ut,iag)
p(Y; | 0)

We can show that under the following condition, Assumption 3 holds.

w(¥y, Upi, 0) = (7

Assumption 4. There exist a closed e-ball B(@) around 6 and a function g such that the
normalized weight w(y, U 1, 6) defined in (7) satisfies

sup E(w(y, Up1,0)° 2} < g(v)
OeB(é)

for some A > 0, whgre Uip ~ h(- | y,0) and nu(g) < oo. Additionally, 8 +— 02()/,9) is
continuous in # on B(f) forally € Y.

THEOREM 3. Under Assumption 4, Assumption 3 is satisfied.

Theorem 3 strengthens earlier results of Deligiannidis et al. (2018, Theorem 1) which give
standard central limit theorems for the error in the loglikelihood estimator.

5.3. Generalized linear mixed models

A common example of random effects models is the class of generalized linear mixed models
(McCulloch & Neuhaus, 2005), where the observation density is a member of the exponential
family and the latent variable follows a centred Gaussian distribution. The densities with respect
to some dominating measure can be expressed as

J
g 1 x%,60) = [[mOp) exp[y )T ) — Aly}], £ 16) = p(x;0,72),

j=1
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Large-sample asymptotics of the pseudo-marginal method 11

where 7;(x) = c} B + x, with ¢ being a vector of covariates and § the corresponding parameter
vector, A(n) denotes the log-partition function, and m(y) is a base measure. In the Supplementary
Material we show that for many such models the assumptions of Theorem 1 can be verified
when using appropriately chosen importance sampling proposals. In particular, we show that
Assumption 4 holds and consequently Assumption 3 holds by Theorem 3.

6. EFFICIENT IMPLEMENTATION OF THE PSEUDO-MARGINAL RANDOM WALK ALGORITHM

6.1. Optimal tuning

We optimize the performance of the limiting pseudo-marginal chain identified in Theorem 1 as
a proxy for the optimization of the original pseudo-marginal chain. We assume that the limiting
covariance matrix ¥ in (3) is the identity matrix /;, with d denoting the parameter dimension.
For general covariance matrices, we can use a Cholesky decomposition and a change of variables
as in Sherlock et al. (2015) and Nemeth et al. (2016). We denote by P(,U the transition kernel (6)
using the proposal density

q6,0") = 900, ¢*1;/d).

As in Pitt et al. (2012) and Doucet et al. (2015), we propose to minimize CT(f, Pg,(,), as defined
in (1), with respect to the noise standard deviation o and, in contrast to those works, also with
respect to the scale parameter £. We restrict attention here to the case where (6, z) = 61, the first
component of 6, and write CT(f, 131;,0) = CT({, 0) in this case. As this criterion is not available
in closed form, we simulate the limiting Markov chain initialized in its stationary regime with
different noise levels o and scales £ on a fine grid to obtain empirical estimates of CT(¢, o)
computed using the overlapping batch mean estimator. This simulation is straightforward as the
target and noise distributions in the limiting case are both Gaussian. We then find the approximate
minimizer (fopt, Gopt) of CT(£, o) over the grid. This set-up is used for parameter dimension d
ranging from 1 to 50. The results are summarized in Table 1.

Table 1 also lists the computing times at these values and the average acceptance probabil-
ity of the proposal under 13&0 at stationarity by using five million iterates of the chain. The
results are consistent with those in Doucet et al. (2015) and Sherlock et al. (2015). For low
dimensions, 1 < d < 5, the ideal Metropolis—Hastings algorithm mixes well and 60pt is around
1.1-1.3, as suggested by Doucet et al. (2015), and increases slowly as d increases to the values
(loo, 000) = (2.56,1.81) obtained by the diffusion limit (Sherlock et al., 2015). For example,
for d = 50 we obtain (€opt, Gopt) = (2.41,1.74), and the resulting optimal computing time
CT(fopt, Gopt) 18 close to CT(€no, 0c0). For lower dimensions, however, the performance in terms
of computing time can be improved by reducing o and ¢ relative to oo, and £; see Table 2. We
also observe empirically that the cost function £ — CT(£, o) is fairly flat, as noticed by Sherlock
et al. (2015) in the limiting case.

6.2. Implementation

We now show how to exploit the results of the previous subsection in practice to design an
efficient implementation of the pseudo-marginal algorithm. Using a preliminary run, we compute
estimates 6 and ¥ of the posterior mean and posterior covariance matrix. For the parameter
dimension d, we choose ¢ according to Table 1 and use a Gaussian random walk proposal with
covariance matrix l%ptfl /d. Finally, we select the number N of Monte Carlo samples such that
the sample standard deviation of the loglikelihood estimate at 6 matches the optimal value Gopt
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Table 1. Optimal values for the scaling € and the noise o, along with the associated
computing time and average acceptance probability; reported values are the mean
and standard deviation (in parentheses) of the minimizers over 10 runs

Dimension d Lopt Gopt CT(éopt, Gopt) Place (fopt, Gopt)
d=1 2.05(0.25) 1.16 (0.07) 8.47 25.73%
d=2 1.97 (0.14) 1.21 (0.06) 12.71 22.92%
d=3 2.11 (0.07) 1.24 (0.05) 16.79 19.97%
d=>5 2.17 (0.12) 1.30 (0.05) 23.18 17.35%
d=10 2.20 (0.08) 1.44 (0.05) 37.93 14.27%
d=15 2.33(0.08) 1.50 (0.00) 53.43 12.07%
d =20 2.34 (0.10) 1.54 (0.05) 65.62 11.44%
d =30 2.36 (0.11) 1.61 (0.03) 90.46 10.41%
d =50 2.41 (0.10) 1.74 (0.05) 136.38 8.66%

Table 2. Comparison of the computing times for different noise levels, Gopt
denotes the minimizer of the estimated integrated autocorrelation time,
as shown in Table 1

Dimension d CT(€og, Gopt) CT(loo,0 = 1.2) CT(Loo, Ooo)
d=1 9.04 (0.25) 9.05 (0.21) 17.10 (1.34)
d=2 13.48 (0.32) 13.37 (0.28) 22.45 (0.81)
d=3 17.63 (0.28) 17.43 (0.26) 26.71 (0.64)
d=>5 24.38 (0.44) 24.72 (0.31) 34.14 (0.88)
d=10 40.17 (0.71) 41.60 (0.24) 47.08 (1.03)
d=15 53.69 (0.72) 58.01 (0.50) 59.08 (0.79)
d =20 67.15 (0.53) 74.34 (0.36) 71.41 (1.48)
d =30 91.36 (0.95) 106.08 (0.34) 93.73 (1.08)
d =150 136.49 (1.18) 167.83 (0.75) 135.92 (1.27)

listed in Table 1. This approach is similar to the one taken in Sherlock et al. (2015), except for
the dimension dependence of the recommended parameters (£opt, Gopt)-

7. SIMULATION STUDY: RANDOM EFFECTS MODEL

In this section we illustrate how the guidelines derived from the limiting pseudo-marginal chain
compare to a practical implementation of the pseudo-marginal algorithm. We consider a logistic
mixed effects model applied to a real dataset. Mixed models are popular in econometrics, survey
analysis and medical statistics, among other fields, and are often used to describe heterogeneity
between groups. Here we consider a subset of a cohort study of Indonesian preschool children.
This dataset was previously analysed by Zeger & Karim (1991) using Bayesian mixed models. It
contains 1200 observations of 275 children. We model the probability of a respiratory infection
based on the following covariates: age, sex, height, an indicator for vitamin deficiency, an indicator
for subnormal height and two seasonal components. Including the intercept, there are eight
covariates. Cluster effects due to repeated measurements from the same children are modelled
with individual random intercepts. In this case the linear predictor of a regression model based
on covariates ¢, ; (t = 1,...,T;j = 1,...J) reads 0, ; = ctT’j,B + X;, where X; ~ N(0, 1)
denotes the random intercept for child # = 1,..., 7T and g the regression parameters. For every
child we have an observation vector y; = (v, 1,...,1,7) € {0, 1}’ The unknown parameter is
0 = (B,7) € R?, where d = 9. The observations are assumed to be conditionally independent
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Table 3. Results of the simulation study for N particles: standard deviation & of the
loglikelihood estimator at the mean, average integrated autocorrelation time 1AT, and aver-
age acceptance probability Pt for the pseudo-marginal kernel and the limiting kernel

Pygs for =22
N & IAT Place IAT(Pp—22.0-5) Broce Pec220-5)
12 2.00 140.22 8.93% 162.57 7.67%
15 1.76 112.06 10.70% 121.70 9.93%
18 1.63 98.69 12.30% 94.14 11.73%
21 1.46 72.42 13.93% 72.31 14.00%
24 1.34 66.29 15.10% 64.45 15.55%
27 1.29 61.95 16.08% 58.08 16.39%
30 1.22 58.70 16.85% 54.12 17.52%
33 1.16 52.39 17.77% 50.26 18.16%

given the random effects and are modelled by

exp(yr,ine)

J
’9 = b
g | x1,0) l_[ I+ exp(niy)

J=1

fx160)=¢@;0,r)y (=1,...,7).

Inference in mixed effects models often aims to find the population effects, so one is interested in
integrating out the random effects. Since the marginal likelihood contains intractable integrals,
this model lends itself to the pseudo-marginal approach. We obtain an unbiased estimator of the
marginal likelihood by estimating the integrals using an importance sampling estimator

h(u | yi,0) = @(u; R, 7)), % = argmax g | x.,0)f (x: | 6)

Xt

with proposal variance 7, > 0. More details on importance sampling for mixed effects models
are provided in the Supplementary Material, where we also show that Assumption 4 is satisfied
in the present example. For the covariate parameters we assume a diffuse Gaussian prior, and the
variance of the random effects is assigned an inverse gamma prior. We run a pseudo-marginal
algorithm with a Gaussian random walk proposal for 500 000 iterations. The covariance of the
proposal is set equal to the posterior covariance of the parameters estimated in a preliminary
run and scaled by ¢%/d = (2.2)?/9. We compare the average integrated autocorrelation time
and the acceptance rate with that of the limiting chain using the same ¢ = 2.2 and 0 = &, the
average being defined as I&T(P‘f) = 2?21 IAT(f;, P7) where fi(0, z) = 6; is the ith parameter
component. Here, ¢ is the standard deviation of the loglikelihood estimator obtained using 10 000
samples of the marginal likelihood evaluated at an estimate 6 of the posterior mean. The results
are summarized in Table 3. For a given number of particles NV, we report the associated estimate
of the noise in the loglikelihood estimator, the average integrated autocorrelation time, and the
average acceptance rate.

The average integrated autocorrelation time and the acceptance rate are very close to those
of the limiting algorithm. This is visualized in Fig. 1, where these quantities are plotted against
the number of particles N. The computing time of the pseudo-marginal algorithm targeting the
posterior, CT(P%) = I1AT(P%)/&2, and the computing time of the limiting algorithm, Cr(P¢ ),
are both optimized for 6 = 1.46, as expected from Table 1. In this example, the limiting kernel
captures very well the behaviour of the pseudo-marginal algorithm for large datasets, and Table 1
thus provides useful guidelines on how to tune this scheme.
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Fig. 1. (a) Average acceptance rate and (b) average integrated autocorrelation time for the pseudo-marginal algo-
rithm (black dashed line) and the limiting transition kernel P,s for £ = 2.2 (grey solid line) as functions of N, the
number of particles.
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SUPPLEMENTARY MATERIAL

Supplementary material available at Biometrika online includes proofs of all the propo-
sitions and theorems, as well as a set of generalized linear mixed models for which all
the assumptions hold. It also contains a short review of weak convergence of random
measures and some further simulation studies, including a three-dimensional Lotka—Volterra
model.
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SUMMARY

This supplementary material contains the proofs to all theorems and propositions, some background
material and additional simulation studies. Section S1 includes a brief survey of weak convergence results
for random probability measures on Polish spaces which play an important role in this article. We have not
been able to find some of the precise statements we require in the literature so we present their proofs here
without any claim of originality. Sections S2 and S3 provide the proofs for sections 4 and 5, respectively.
Finally, section S4 includes some additional numerical examples: a toy example and a Lotka-Volterra
model where the likelihood is estimated using a particle filter as opposed to importance sampling.

S1. RANDOM MEASURES AND WEAK CONVERGENCE ON POLISH SPACES
S1-1. Weak Convergence

Let S be a Polish space, endowed with the Borel o -algebra B (S). We denote d the metric inducing
the topology on S and P(S) the space of Borel probability measures on S. In the following, we will only
consider (random) probability measures in P(S) unless stated otherwise.

DEFINITION 1 (Weak convergence). A sequence of probability measures (ii,),>1 converges weakly to
a probability measure u, denoted u, ~ u, if for all f € Cp(S)

tn(f) = u(f) asn— oo, (1.1
where Cp(S) is the set of bounded continuous real-valued functions of domain S.

The set of test functions generating this topology can be restricted to bounded continuous functions
f:S — [0, 1] or bounded Lipschitz functions, see for example Crauel (2003, Lemma A.1 and Theorem
A.2). The topology of weak convergence can be metrized using the bounded Lipschitz metric which is
given for u, v € P(S) by

dpL(u,v) = sup {lu(f) —v (H)I; f € BLS), [ fllsL < 1}, (1.2)

see for example Dudley (2002, Proposition 11.3.2). Here, the set BL(S) denotes the set of bounded Lips-
chitz functions and we follow Pollard (2002) by defining the norm

I fllBL = max {|| fllL, 2/l flloo} » (1.3)
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where

I fllL = sup &) = 7O and || flleo = sup|f(x)[. (1.4
X,y:ix#y d(x,y) X

This definition gives us the inequality

L) = FOD)I < 1 £ lIsL [min {1, d(x, y)}] (1.5

for every x, y.

S1-2.  Weak Convergence of Random Measures

We recall here some facts about random probability measures. Let (2, F, IP) denote a probability space.
We equip the product space € x S with the product o -algebra, F ® B(S).

DEFINITION 2 (Random probability measure). A random probability measure is a map u: Q x
B(S) — [0, 1] such that for every B € B(S) the map o — u(w, B) = u®(B) is measurable while
w(w, ) € P(S) for almost every w € Q.

For all bounded and measurable functions g: Q x S — R, the assignment w +> | ¢ &, x)u”(dx) is
measurable (see, for example, Crauel, 2003, Proposition 3.3) and thus, for random measures, the map
o+ u®(f) is arandom variable. As a consequence we have that u®: Q — P(S) is a Borel measurable
map. Conversely, it can be shown that any random element of [P(S), B{PP(S)}] fulfils the condition set
out in Definition 1, see (Crauel, 2003, Remark 3.20 (i)) or (Kallenberg, 2006, Lemma 1.37) for details.

DEFINITION 3 (Weak convergence of random measures). A sequence of random probability measures
(13))n>1 converges weakly almost surely to a probability measure u, denoted iy ~q.5. ji, if

PlwoeQ: ul~u)=1. (1.6)

Further, we say that (u3)),>1 converges weakly in probability, denoted u; ~p u, if every subsequence
contains a further subsequence which converges weakly almost surely.

One can easily verify that the above definition of almost sure weak convergence, respectively weak
convergence in probability, is equivalent to p(uf, u) — 0 almost surely, respectively in probability, for
some metric p on P(S) metrizing weak convergence, e.g., the bounded Lipschitz metric (1.2), see for
example Theorem 1.

Remark 1 (Measurability of probability metric). As already mentioned above, for any random mea-
sure the map @ — u® is measurable with respect to the Borel o -algebra B {P(S)}. Moreover, any metric
p inducing the weak topology on P(S) is trivially continuous in its first argument and hence the map
e = p(u®,v) for some fixed measure v is measurable with respect to the Borel g -algebra B(R). This
implies (Borel) measurability of the map w +— p(u®, v) for a non-random measure v.

In light of the definition of weak convergence (1.1) it is natural to ask whether almost sure weak con-
vergence holds if

pe(f) => u(f)  forall  f e Cp(S), (1.7)

and similarly whether weak convergence in probability holds if

WO(f) > u(f)  forall  f e Ch(S). (1.8)

In many practical applications, it appears easier to check (1.7) rather than (1.6), similarly checking (1.8)
appears easier than having to check that every subsequence of (u;),>1 contains a subsequence which
converges weakly almost surely. Relating those statements is inconvenienced by the fact that weak con-
vergence is usually checked using an uncountable convergence determining class of functions, e.g., the
space of bounded continuous functions. However, we show here that these equivalences hold true for
Polish spaces; see Theorem 1 below.
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Almost sure weak convergence can be shown using the existence of a countable convergence deter-
mining subclass C C BL(S) C Cp(S). Considering subsequences and using a diagonal argument we can
show the equivalence of the statement also holds if almost sure convergence is replaced by convergence
in probability. For the purposes of this paper we confine our attention to weak convergence in probability.
To prove the statements above we first need an auxiliary result, which also appeared in Sweeting (1989,
Lemma 4).

PROPOSITION 1. Suppose A is a countable set and consider random variables X,,(a): Q — R indexed
by a € A and n € N. Moreover, assume that for every a € A the sequence {X,(a)},>1 converges to X (a)
in probability, i.e.,

P
X,(a) > X(a) VaeA.

Then there exists a subsequence N’ C N such that along N’

P{w: X,(a) > X(a) Vae A}=1.

. P
Proof. Choose a1 € A. Since we have X, (a1) = X(aj) we can extract a subsequence n1 1,112, ...
such that

{any] (Cll), Xl’n,z (al)r Xn|,3 (a1)5 A }

converges almost surely. Pick now ay € A, we can now extract a further subsequence

{an‘l (32)9 X}’IQ)Z (Clz), Xn2,3 (a2)a .. }

along which we have almost sure convergence. We can iterate this procedure to get another subsequence

{Xn3’1 (a3), Xn3§2 (a3)9 Xn3,3 (03)9 . } .

Along the subsequence N’ = (n1,1 ,N2,2,0133, ) we have almost sure convergence of X,/ (a) — X (a)
forall a € A. O

The existence of a countable convergence determining class for Polish spaces is guaranteed by the follow-
ing Proposition. The proof is adapted from Berti et al. (2006, Theorem 2.2).

PROPOSITION 2. Consider P(S) equipped with the Borel o -algebra generated by the topology of weak
convergence. There exists a countable convergence determining subclass C C BL(S).

Proof. Take a countable set {s1, 52, ...} dense in S and let H = [0, 11N be the Hilbert cube. For x € S,
define themap h: S — H by

hx) ={dx,s)) Al,d(x,s0) A l,...}.

We can equip H with the topology of coordinate wise convergence. Writing u = (u1,u2, ...) and v =
(01,02, ...) for elements u, v € H, this topology is induced by the metric

o lui — il
a(u,v) = Z%

i=1

The Hilbert cube H is compact by Tychonoff’s Theorem (see for example Dudley, 2002, Theorem
2.2.8.), h is a homeomorphism from S to /(S) (Borkar, 1991, Theorem A.1.1.) and its closure h(S)c H
is compact. For u € P(S) denote v = 2 o h~! the image measure on A(S).

Note that any Lipschitz continuous function on %(S) can be extended to A (S) without increasing its
norm (Dudley, 2002, Proposition 11.2.3.). By the Arzela—Ascoli theorem, the sets B, = [ f € BL{A(S)} :
Il flIBL < n] are compact and thus separable under the | - ||oo-norm. Therefore BL{A(S)} = U;’,ozl B, is
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separable under the || - ||oo-norm and so is BL{%(S)}. Hence, we can pick a countable set D which is dense
in BL{A(S)}. DefiningC = {goh : g € D} we have C C BL(S) since forall x,y € Sandi € N

ld(x,si) A1 —d(y,si) A <d(x,y)

and thus

—d(y,si) A1

< |d(x,si) Al
18 () ~ g 0 RO < Lealh(x), h(») = L 3 TN

i=1

S Lgd(xa y))

where L, denotes the Lipschitz constant of the function g.
105 Now assume that u,(f) — u(f) forall f € C. Then by a change of variable

/fd,u,,:/gohd,un:/ gdv, > gdv
S S h(S) h($)

for all g € D. Since D is dense in BL{A(S)} with respect to the || - ||.o-norm we have convergence for all
bounded Lipschitz functions and thus v, ~+ v. By continuity of #~! we also have convergence z,, ~ p.[]

Equipped with these results we can now prove some equivalences which facilitate the verification of
weak convergence of random probability measures in the sense introduced above. We will prove the

1o following statements only for convergence in probability. The modifications for almost sure convergence
are obvious.

THEOREM 1. Let ('“fl))n>1 be a sequence of random probability measures and pu a probability measure.
Then the following statements are equivalent

. p
(i) dprL(uy, p) — 0,
s (D) ufy ~p p

(ii)) u2(f) —> u(f)  forall [ eCy(S)
(i) ul(f) —> u(f)  forall  feBL(S).

The same results hold if convergence in probability is replaced by almost sure convergence throughout.

Proof. The equivalence (i) < (ii) is immediate since dpp, metrizes weak convergence. The implica-
120 tions (ii) = (iii) = (iv) are trivial. To show (iv) = (ii), note that by Proposition 2 there exists a count-
able convergence determining subclass C C BL(S). By virtue of Proposition 1 there exists a subsequence
(n1,n2,...)suchthatforall g € C
a.s.
U (8) —> u(g)  ask — oo.

Now, given (ny)ren define

A(Q) ={weQ:puy; (g) — u(g) as k— oo}.
We have P{A(g)} =1 for all g € C and for ﬂgec A(g) = A € B(S) we find P(A) = 1. Since we can
125 apply this reasoning to any subsequence we always find a further subsequence such that (u;, ) converges
almost surely. See also Sweeting (1989, Theorem 9) and Berti et al. (2006, Theorem 2.2). O

Remark 2. If the random measure is induced by a regular conditional distribution, i.e., let (,uﬁ)
denote a sequence of transition kernels such that

:u?() =P(X, €| Fp)(w) P—a.s.

n>1

for some filtration (F), >, we have

/ FOREE) = E(f(X) | ) @) P—aus.



Supplementary Material to Large Sample Asymptotics of the Pseudo-Marginal Method 5

and thus equivalently to u, ~~»p « then we can write

E{f(Xy) | Fa} — E{f(X)}, (1.9)

where X ~ p. For brevity we will also use the notation X,, | F,, ~»p u instead of (1.9).

S1-3.  Product Spaces

We address here the setting where the spaces are of the form S¥ = S x S x --- x Sor SN = § x § x
.... We will equip these product spaces with the product topology and the respective Borel o -algebra. The
following lemma is helpful to characterize weak convergence in probability in this context.

LEMMA 1. For fixed k, let (u))n>1 denote random measures on Sk and u a non-random measure on
Sk. Then the following are equivalent

(i)
Wy ~P 1,
(ii)
12(F) > u(f)

for all f € Cp(S¥).
(iii)

k k
| oz aso S [ T]eon@n..dn)
i=1 i=1

forall fi,... fx € Cp(S).
(iv)

k k
[ g a5 [ []atout ..dw
Stz ¢ ot

forall f1,... f, € BL(S).

Proof. The implications (i) = (ii) = (iii) = (iv) are trivial. Thus, we only need to show (iv) = (i).
We now by Proposition 2 that there exists a countable convergence determining class C C BL(S), so we
can assume f1, f2,... € C. Without loss of generality we can assume || fi|loco < 1 for all i and 1 € C.

Then we have that for every i € {1, ..., k} the marginal of the ith coordinate, denoted x,;, converges to
ui weakly in probability, i.e. for all i and all f; € C we have

[ stongi@n S [ Awmuan.
S N

Now by Proposition 1 for every i € {1, ..., k} every subsequence N C N contains a further subsequence
N’ C N such that we have convergence almost sure convergence for all g € C, i.e. denoting

A = [a) eQ: /g(x,-),ufl", ;(dx;) — /g(x,-)y,-(dx,-) forall g € C]
N ’ s

we have P(A;) = 1. We can extract a further subsequence N C N’ such that along N” we have conver-
gence almost surely for all i and all g and thus forw € A := ﬁf.‘: 1Ai the sequence { u?;ne N ’} is tight,
since [ ,uf;” sneN " } is tight for every i (see Ethier & Kurtz, 2005, Chapter 3 Proposition 2.4.). We can
conclude that for every such w every subsequence of (x),>1 has a further subsequence that converges.

It remains to show that the functions of the form HLI fi are measure determining. However, by Ethier &
Kurtz (2005, Chapter 2 Proposition 4.6.) if C is measure determining on S then so is the product for S*.0]
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If § =RF for some k € N we can check weak convergence in probability by considering moment
generating functions. The following result is shown by Sweeting (1989, Corollary 3); see also Castillo &
Rousseau (2015, Lemma 1).

PROPOSITION 3. Let ('“Z))n>1 be a sequence of random probability measures and assume there exists
=
ug > 0 such that for all n € N the moment generating functions

ma(u, ) = / exp (uTx) 1 (dx)
exist for |u| < ug then u$ ~>p u if and only if for every u R¥
P T 19}
my(u, ) — mu, ) = /exp (u x) 1 (dx).
Proof. This can be seen by considering the class of functions of the form f, (x) = exp(u"x) for

ue@Q, |ul <upand showing that they form a countable convergence determining class, see Sweet-
ing (1989, Corollary 3). Consider the case k = 1 and a sequence of measures (4,),>1 and u such that

(i) = / ¢ 1 (dx) — m(u) = / ¢ ().

Denote a compact set K = [—c, c]. Then by the Markov inequality

my (10)
eloc

1n(K®) = /|x|>cun(dx) <

and my (ug) > m(ug). Hence, ,u,,(KE) is bounded and we can find ¢ such that sup, ,un(KC) < € and
(#n)n>1 is tight. By continuity the f, are measure determining so we can conclude that the limit is
unique. For k > 1 we can use the same argument to show that the marginals are tight, see the proof of
Lemma 1. O

Lemma 1 can be readily extended to countably infinite product spaces by considering convergence of
the finite dimensional distribution. Let us therefore denote p o 7, . §N - §k; k e N the canonical pro-
jections. For non-random measures, it is well-known that convergence of the projections already implies
convergence on the whole of SN (Billingsley, 1999, Example 2.6). Since there are countably many such
projections, we can apply the reasoning of Proposition 1 to conclude that for checking 4& ~»p u on § N
we just need to show

k k
P
[ Atug@n. . S [ [T aton@n.....an
S S
for all fi,... fr € BL(S) and k € N. The following Lemma is essentially a version of Ethier & Kurtz
(2005, Chapter 3 Proposition 4.6 b) extended to random measures.

LEMMA 2. Let (,uf;’)n>1 be a sequence of random probability measures and u a non-random proba-

bility measure on SN. Then Uy ~p u is equivalent to

k k
/Sk [1 /i Goug@x, ... da) > /S [1/iGour. ... dx)
i=1 i=1

forall fi,... fr € BL(S)and k € N.

Proof. Suppose for any k that the above convergence holds for all test functions fi, ... fy € BL(S).
We have shown in Lemma 1 that this is equivalent of convergence of the canonical projections u;; o
on S¥ (in probability) for any given k. Hence, using Proposition 1 for every subsequence N C N there is
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a subsequence N’ C N such that along N’
]P’(a)eQ:,u;fonk_l wyonk_l asn — 00 forallkeN) =1

An application of Ethier & Kurtz (2005, Chapter 3 Proposition 4.6 b) concludes the proof. (]

S2. PROOFS OF SECTION 4
S2-1.  Proofs for Section 4.1

LEMMA 1. Given a random probability measure #“ and random Markov kernel K, there exists an
almost surely unique random probability measure x™® on SV such that

WAL X x A x Eggr) = / 1@ (dx) / Ko, dna) ... / K@ (i1, dxy)
A Ay A
forany A; € B(S) (i =1,...,k), k e Nand Exy1 = X2, S.

Proof of Lemma 1. For P—almost all w, the existence and uniqueness of the distribution x™® on
{SN, B(S)N } can be obtained using the Ionescu-Tulcea extension theorem; see, e.g., Kallenberg (2006,
Theorem 6.17) or Klenke (2013, Theorem 14.32). Measurability follows analogously by noting that & —
,uN(a), A) is measurable forany A € £ = {A] X ... x Ag X Exy1; A; € B(S),i =1,...,k,k € N} and
that £ forms a = —system that generates B(S)". By Crauel (2003, Remark 3.2) this is enough to obtain
measurability for every A € B(S)N. O

THEOREM 2. [fthe following assumptions hold,

(T.1) the random probability measures (,uf;’)n>1 converge weakly in probability to a probability measure u
asn — 0o,
(T.2) the random Markov transition kernels (Kﬁ’)n>1 satisfy

/ Ky f(x) = Kf (x)| 7 (dx) = 0

in probability as n — oo for all f € BL(S) where K is a Markov transition kernel ,
(T.3) the transition kernel K is such that x — K f(x) is continuous for any f € Cp(S),

then, as n — 0o, the measures (ﬁ’”)@l on SN converge weakly in probability to the measure u" in-
duced by the Markov chain with initial distribution u and transition kernel K.

Proof of Theorem 2. By Section S1-2 Lemma 2, we need to show that for any £ > 0 and any
fo, ..., fi € BL(S)

E{fo(X20) - fi(X2 D)} = E {fo(X0) -+ fi(Xp)) @.1)

where E“, resp. E, denotes the expectation w.r.t. the law of X7, respectively w.r.t. the law of X. We prove
this by induction. For k = 0, this follows directly from (7'.1). Now assume that (2.1) is true for k > 0, i.e.

|E” { fo(X20) fi(X2 ) -+ (X2} = E (fo(X0) i(X1) - fi (X)) — 0.

By Lemma 1 this is equivalent to weak convergence in probability of the vector of the first k states, i.e.,
for all f € Cp(S¥)

E°{f(X!,..., X))} = E{f(Xo,..., X} (2.2)
For k + 1, we have

|E?{fo(X50) -+ X ) firn (XD} = E (fo(Xo) -+ f(Xi) firt (Xig)}|
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= E”{fo(X7 o) -+ fuXg DK fiwt (X )} = E (fo(Xo) - -+ (XK fiy1(Xp)}|
< |Ew {fO(X,CIU,o) e fk(Xf:),k)K,?ka(X,?,k) - fO(Xf,oo) T fk(X,?,k)ka-i—l(Xﬁf,k)H
+|E? {fo(Xy0) - filXgp DK fit (X )} = E {fo(Xo) -+ fi (KO K frr1 (X))

< E°{|Ky fir1 (X)) — K fir1 (X ) [} (2.3)

+ | E{ fo(X20) -+ il X DK fia1 (X 0} — E {fo(Xo) - -+ fi(Xi)K fiy1 (X} - 2.4

The term (2.3) converges due to (2). For the term (2.4), the function K fi41 is bounded and it is assumed
continuous so the function fy--- fit K fiz1 € Cp(S¥). Hence this term vanishes by (2.2). 0

S2-2.  Some Auxiliary Results
LEMMA 2. Under Assumption 1, we have

0(d0; 0%, 2/ T) ~py 95(d0)
and
74(d0) ~pr 95(d0).
Proof. Using the moment generating function of the normal distribution, we have as T — oo

A « Y _
/e”Te(p(Q; 0%, /T)d0 = exp (MTH%’ + uTZu/ZT) LN exp(u'0) = /exp(uTG)ég(dH),

where J; denotes the Dirac measure at 6 and thus ¢ (d6; 6%, % /T) ~pr d5(dd) by Proposition 3. This
implies that for f € Cp,(R?)

' / FO)r2(0)d0 — / f(9)5g(d9)‘

<

/ FO)r20)d0 — / F0)9(0: 02, E/T)dﬁ‘ + ‘ / FO)p(©: 02, 5/T)d0 — / f(9)5é(d9)‘

>

<o [ [o#0) = 0052 /1|0 + | [ 10000010, 2 /7100 - [ 10133000
where the first term on the r.h.s. converges to zero in probability under Assumption 1 while the second

term converges to zero as ¢ (d0; 02, %/T) ~pr dg(d0). Hence, it follows that 77 (df) ~»pr dz(d6). O

To analyse the asymptotic properties of the pseudo-marginal algorithm, we rescale the parameter compo-
nent. A simple change of variables and the fact that convergence in total variation in probability implies
weak convergence in probability shows that the following result holds.

LEMMA 3. Under Assumption 1, we have

/

and thus #2(d0) ~pr ¢(d; 0, T).

~ ~ Y
72@0) — 9@;0,)|d0 250, as T — oo,

LEMMA 4 (CONVERGENCE OF MARGINAL DISTRIBUTIONS). Under Assumptions 1 and 2, the
marginal distribution of the proposal at stationarity

2 2qr(dd) = / 72(d0)qr 0, d9)

satisfies

n?qT(dﬂ) ~MIpY 59‘((119).
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Proof. Let f € BL(R), then we have

' / FO)2qr (@) — f(é)‘ - ‘ / FO+E/JT) / 72(d0)v(dE) — f(e')}

<

/ / (FO+/VT) - £©)) V(df)fr%”(dé’)‘ 4 ‘ / FOTLAO @) — f(é)'

N

40

< / / 110 +E/YT) — FO)|v(d)m2(do) + ‘ / FO)RL ) — f(é)‘-

The second term on the r.h.s. vanishes due to Lemma 2. For the first term we use the fact that f is bounded
Lipschitz, hence

/ 10 +&/JT) = £O)]v(@)n2@0) < |1 £l / / min [1, E—H »(d)(d6)

_ ||f||BL//min[1, %]U(dg) Lo

The proof of the following Lemmas are straightforward and thus omitted. 245
LEMMA 5. The map x — min (1, ae*) witha > 0 is 1 —Lipschitz, i.e., forall x,y € R
|min (1, ae®) — min (1, ae”)| < |x — y|.
LEMMA 6. Under Assumption 3
(i) the function
0 dy (o :0%0)/2.0° @)1 0 | -:020)/2.0° @)} 1 1|
is bounded for all 6 and continuous at 0;

(ii) forall f € BL(R) the functions 250

00 |[ 1@0 sz o 02,020 - [ 100 (0202570
are bounded for all  and continuous at 6.

S2-3.  Proof of Theorem 1
In order to prove Theorem 1, we need to prove Propositions 1, 2 and 3 of Section 4-3.
PROPOSITION 1. Under Assumptions 1 and 3, we have
72(d0, dz) — 7 (dd, dz),
weakly in PY -probability as T — oo where i%’(dé, dz) = ﬁ%’(dé)exp (z) g7(dz | 0). 255

Proof of Proposition 1. As established in Lemma 1, it is enough to check convergence for products of
bounded Lipschitz functions. Now, without loss of generality, assume that || f1]lco, || f2llco < 1/2. Then we
have

J[ 1o r@azaesa b - [[ 70 p@owio 20 6 a20)2.020)

S//ezg‘%’(zIé)dz‘ﬁ%)(é)—go(ég 0, 2)‘d§
+ [o@0.3)| [ poezza b - [ oo oz a0)2.020) |0

5/‘ﬁ$(d§)—(p(0~;0, Z)‘dé 2.5)
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+ [o0:0r. 2| [ poesgaz10)- [ peo (son. 0w 2.6
+ [ow:0z. 21| [ e a0 02070} - [ poe(sot@r.o0)|a e

The term (2.5) converges to zero in PY -probability by Lemma 3. For (2.6), write B(@) C @ for the &-ball
on which the uniform CLT in Assumption 3 holds, that is
PY
sup hr(0) = sup — 0.
0eB() 0eB@)

[ reeera 10 - [ e (4 020)/2.0%0)) &
We can bound (2.6) as follows
[ o0tz [ poegga0 - [ e oton.do)|w
B(0)

.o 7,0 L2 2
+/B(0_)C¢(9,9T,2/T>‘/ @ 10) - [ R oz 0702020 |0
< sup hT(H)—I—/ ) qo(ﬁ;é“’,Z/T)dH,

B(@)C

0eB@)

since || f2]lco < 1/2. We have already mentioned that the first term vanishes in probability whereas for the
second term we have

N y _
/ 0(0;02, 2/ T)d0 — 5;{B@)%) =0,
B(6)C
by Lemma 2. Thus (2.6) vanishes in PY -probability. Finally we consider (2.7). By Lemma 6
ho) = ‘ [ @0 (azar02.0%0)) - [ pe e 02@/2,02@}'

is bounded and continuous at 6. Since ¢ (d6; 62, % /T) converges weakly in probability to a point mass
in § (by Lemma 2) we can conclude that

A PY
[ @iz xS [ e
for every bounded function f which is continuous at §. In particular,

/h(9)¢(d0;é$, 2/T) 2o

PROPOSITION 2. Under Assumptions 1, 2 and 3, as T — oo we have for any f € BL(R4t!)
/ |PYf(0,2) — Pf(0,2)|7%(d0,dz) — 0, in P -probability.
Proof of Proposition 2. Let f € BL(R?*!). Denote
3@, = [[ 1@ 380,200z 1)
and

7 @,z) = / / F@,al@,2), @, )i @, di")g (@ | ),
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where g(- | ¥) = ¢f-; —62(¥)/2, 62(9)}. Then we have
PPf@.9) =190, + £0,2 {1 - 1710, )]
and
Pr@, =110, 2+ 1@, {1 -1} (2.8)
Because
e {|Pprad. 2z - Prag. z)|)

= 2| @00 2+ 107 2D {1 - md. D)

-7 @g,25) = £, Z5) {1 - nl(é({,zg)} ’]
< E© {‘H‘T“f(ﬁoT, zDy - @, zg)H +E® {‘nf;’uag,zg) —m@l, ZoT)H

and 1 e BLRY*t!) it is sufficient to show that for any choice of f e BL(R?t!) we have
-~ ~ Y
E® an;f(e,z) _ Hf(O,z)‘} S 0. Thus

{0y £ @0 - 117 @, 2)|
_ // 72(dA, dz)

—//67(9, d6"al@,2), @, N f O, 2)g(d I§)|

/ / §0.40)a2{0,2), @, )} @, a2z | §')

= [[earazi0)| [ min (#000.0). 73000000 10 g 1020

dé

- / / #2(@)q@0,0Na(@,2), @, )N f(@,7)g(d | 0)dd’
< / / e“gr(dz | 9)‘ / / min{ﬁ%’(@)cj(@,@’),7%?(0’)(}(9’,9)62 -Z} f@,2)ge(dZ’ | 6")dd’

do

- / / min {p(@: 0. £)4(0,0), 9 @50, 3@, 0)e” | £ @', g0z’ 810
+// e“gr(dz | é)'// min{q;(é;o, £)§@,0"), 9@';0, z)q(é/,é)eZ’—Z} f(@,7)82(d7 | 0)dd’

- / / #20)q@,0Na(@,2), @, )N f@,7)g(d | 0)dd’'|db. (2.9)

By taking ¢(@; 0, ) out in last two lines of (2.9), this can be rewritten as
/ / e*g7(dz | 67)‘ / / min {ﬁ%(é)g(é, 0", 720 (@ é)ez/-Z} f@,2)gpdz’ | 6')do’
= [[ min{o@:0. 230,00, 030, 21300} 10, g2 | 9080l 210

+ / / 2z | é)‘ / / 0(@:0,5)§0,0)3{0,2). @, )} @, g2z | ')l

280

285

290

300
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- [[ #@a0.00a(0.2). @)@ et 19,07 |od

2.11)
as  For (2.10), we use the inequality | min(a, b)) — min(c, d)| < |la — c| + |b —d|:

// e*g%(dz | )

— min {(p(é; 0, £)3@,8), p(@;0, £)§(@, é)eZ’—Z} 1@, )g2(d | 6')dd'|dd

<1 flloo / / / / ¢*g7(dz 10)§(0,d0")gg

Hifl ][ gz 1006 gz 103@.0

~ - ~ Y
10 - 2||f||oo/ )ﬁ;’(&) — 0(@:0, z)‘ a0,

/ min ﬁ%’(@)q(@ 0", 7?%”(0 NACE H)eZ Z} f@, Z)g%d7 10")

) |7@) - 9@;0, )| a0

72@) — p(@'; 0, 2)‘ d0'dd

by Lemma 3. For the part (2.11) note that
[ e é)‘ [[ 00,2130 00{@.2. @) 1@ gz 1)
- / / #20)§0,d0"a{@,2), @', )} fO',7)gdZ | 5)‘d9

< / / 32z | é)‘ / / 0(@:0, )30, 40 {0, 2). @, )} @, )32 | &)

15 // ©)q@0,d0"a{@,2), @, ) f@, )& (2.12)

4 / / #2(d0)e*52(dz | ) ‘ / / G0, 40322 | §)3{@.2), @ ) F@.2)

- //(}(é,dé’)g(dz/lg)d{(é, 2,0, )} @O, 7). (2.13)

For the first part (2.12) we have

[ gz

320 —// (0)6](9 9)0!{(6 2), (9/ Z/)}f(e/ Z/)g’ (dz’ |9)d0/

< ||f||oo////eng

~ - ~ ~ ]})Y
= IIfIIoo/ ‘cﬂ(@; 0,%)— n%’(@)‘ d) — 0,

/ / 0(@: 0, £)3(@,0)a{@. 2), @, )} F @ g2z | )l

~w(é)’ ad

again by Lemma 3. The second part (2.13)

/ / 7 (df)e” g7 (dz | 6)

225 - //5(9, d9)g(dz" | 0)a{@,2), @ .} f@.7)

s

/ / 3@, 40)g2(d2 | 0)a{@,2), @) f @, 2)

0

g7z 10ha{@,2), 0',2)} f0'.7)
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- /a{(é,z), @,2)}e@Z |08 +0')yT)f(@,7)

Ve

- / i@, 2), @, )gdz 10)f@.2)

(2.14)

50

7', Va{(0,2), @,2)} fO,2)

(2.15)

330

We first consider (2.14) using 6 = 9‘” +68//T, and similarly for §’,
~ 6';0,%)4@,0 ~ ~
/ / / 2(df)e* g2 min | 1, 2 V400 oz goar 13 5@, 2)
0(@:0,%) 40,0)

_ . (”(6/ 0, Z)Q(Ql 6) Z —z 1 Aoy B 5t
/mm[l G-0.5) 76, 6/) ]g(dz 109 +6'/JT)f@,

Z ,0

. 0002, %/T) qr(0',0) .._ o o
1, _ 7=zl 004,/ 10 IO — 02,
mm[ 0(0:02. 3 /T) qr0,0)° ]gT( 100 F{VT( 2y, 7'}

_/mm[l 0007, %/T) qr(6',06)

Z,—Z d / 0/ 6,
0©;0%,%/T) 4 @,0)¢ ]g(zl ) VT (

In the rest of the proof, without loss of generality, we will consider f such that || f|lL < 1
V@ = 89),x) = F{YTE - 09), )
<d[{VT@ = 0p). 5} (yTO =09, )] = 1x =

335

and thus x = f {J T — é“T”), x} is Lipschitz with coefficient 1 uniformly in 7. Moreover, due to
Lemma 5, the map

0(0;02,2/T) qr(0,0")

is Lipschitz with Lipschitz constant 1 uniformly for all 8, 8, z and T. Thus, using the triangle inequality, s«

we can write

I =

. [ 0002, 2/T) .,
— min 1 _—
0(0;02,3/T)

Z,0

. p(©';08,%/T)
minyl, —————
0009, 2/T)

e } VT O —09),7 g0 10)

e ] VIO =0p), e

<2 [[apanrare.00r.sp | e 10)-

feBL®), |l fllpL<1

—2 / / 7 2(d0)g7 (0, d0')dst {g2(10'), g(10))

= 2/ _7Pqr(d0")dsL{g7(10"), g(:10")} +2/ ~ wPqr(d8)der (g7(:10), 8(-16")),
B(@) B(©O)C

where B(0) is given in Assumption 3. Since the bounded Lipschitz norm metrizes weak convergence (for
non-random probability measures) we know that for 8’ € B(6)

b (7C0) gC00) = sp | [ p@gpe 109 -

JSeBLM), || flsL=<I
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vanishes in P -probability by Assumption 3. From Lemma 4 we know that the marginal distribution
s of the proposal at stationarity 7%gr(d9’) = [ 7£(d0)q (0, dd’) concentrates around the true parameter
value. Since the bounded Lipschitz metric cannot exceed 1 we have

2] / w / 2] ) P’ n
/ m2ar (A0 g0 @)dpr (87010, 8(10)) < nqr{B@C} —> 5;{BO)"} = 0.
In addition from Assumption 3

< sup |dpL{g?(10), g(10)}| o

‘/ _ 7Pqr(d0")deL{g7 (10", g(10")}
B©) 0eB©®)

Finally, using a similar argument for (2.15) we have
/ / / 79(d0)e* g5 (dz | 0)§(0,dd")
355 - §0,d0Na{0,2), 0',2)}g( 10)f@,2)

<2 / / 72(0)qr (0, 0)d0dsy. (5(10'), 5(18)) 0. 2.16)

/ ¢ 102 48 /YT f@ . a{@,2), @, F@. )

dz’

By Lemma 6 the bounded Lipschitz metric, dBL{ g(-16", g(-IH_)}, is bounded and continuous at 8. Thus
(2.16) converges to zero by Lemma 4. g

PROPOSITION 3. Under Assumption 2, the map (0,z) — P f(0,z) is continuous for every f €
wo  Cp(RIT).

Proof of Proposition 3. Without loss of generality let || f|loo < 1, consider (8%, z*) € ® x R and de-
note (0, Zn)neN a sequence converging to (0%, z*) as n — oo. Using the decomposition (2.8) we have

P f O 2) = PFO,2)
= |Hf(9n, 2n) + fOn, 20) {1 = 11Oy, 20)} — TLF (0%, 2%) — f(0%, 2%) {1 — @, Z*)}|
365 < Tf Ons 20) = TF O, 2°) | 4 | f Ons 20) = fO7, 2°)| + |11 6y, 20) — TIL(O*, 2°)|

By continuity of f we have f(8,,z,) = f(0*,z*) as n — oco. Since 1 € Cj,(R?*!) it remains to show
that IIf is continuous for every f € Cp(R4*+!). Now

[TLf B, z0) — TLf (07, 2°)|

0,0, 2) vl —0) , o
— ’/f(@’,z’)min[l,zga S Z;EEH,_G iez Z”Iv(ﬁ — 6,)g(dZ | §)d0 2.17)

. ©0,%) vO* —0) .. _
— | re.7 1,2 7= L0 = 0%)g(dZ | B)dE’
[ 16 ,z>mm[ o e |0 =07 1)

§/|v(9’—9n)—v(0’—9*)|d9’ (2.18)

. 9050, Z) v, —0") ._ . 9050, Z) v =0") .
+ min j 1, e* it —min{l, et
0,50, Z)v(@ —6,) p@*;0, Z)v(@ —06%)

V(@ —0%)g(dZ | 0)do’.

(2.19)

For (2.18), Assumption 2 implies v(0" — 6,) — v(#’ — 0*) as n — oo and hence Scheffé’s lemma yields

/ V(@ = 0,) —v(© —0%)|d0’ — 0.
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For (2.19), the map

(@, z) = min [1 9050, 2)v(0 —0) z’—z]

5 e
9(©;0,%) v —0)
is continuous for all §’, 7’ since it is just a composition of continuous functions. Hence, 375

min |1 9@50,Z) v, —0") ,_. min 11 9050, 2) v(@* -0
1 s e nr —mi s
0(6,;0,Z)v(@ —6,) p(0*;0, Z)v(@ —0%)

/%
et Z”—)O

for every (', z’) and an application of dominated convergence shows that (2.19) goes to zero. ]

S3. PROOFS OF SECTION 5
S3-1.  Central Limit Theorem for Likelihood Estimators

We detail here the proof of Theorem 3. For clarity we explicitly state the probability space supporting
all random variables that are used to prove our limit theorem. For integers N, T, k we introduce the 30
space E7 = ® x RNTK where ® ¢ R? is the parameter space equipped with the Borel o -algebra and
probability measure Pr(df, du) = z{(d0)mr ¢(du). Finally, we will work with the Borel probability
measure P on E where E = YN x [[52, E7, P=P' @ ®7°_, Pr.

We are interested in the asymptotic distribution of the relative error of the log-likelihood

Zr (@) =logp(Yi.7 | 0,U) —log p(Y1.1 | 0),

where U ~ myg(-) or U ~ w7 (- | 0). Indeed, we have Law {Z7(0)} = g7 (- | ) when U ~ m7(-) and  as
Law (Z7(0)} = g7 (- | 0) when U ~ n7(- | ). Weak convergence results for Z7 () have been estab-
lished in Deligiannidis et al. (2018, Theorem 1) using a Taylor expansion. However, the CLTs introduced
therein do not provide a bound on the Lipschitz metric dpy, and are not uniform in the parameter 6 as
required in Assumption 3. In order to obtain a uniform bound for all functions in BL(R) with || f||pL < 1

and all parameter values for some neighbourhood B(f) we need to introduce further assumptions. We a0
follow the approach in Deligiannidis et al. (2018) and write

T —~
p: 16,U) — p(Y; |9)]
Z7(0) = 1 1
r@ ;‘)gl T AT
T
~ en(Y,,0)
—;logil+—JN ]
where
X
eny(¥;,0) = — {E(YI, Ui, 0) — ]} , 395
P

w(Y;, Uy,i, 8) being a normalized importance weight defined in (10). Recall that

o2(y,0) = E {er(y,H)z} =var{@(y, U1.1,0)}, o20)=E {02(Y1,0)} .

Here the number of particles, N, is scaled proportionally to the number of observations, thatis N = [y T']

for some y > 0. In the following we will take y = 1 (that is N = T') for simplicity and without loss of
generality. In order to show convergence of the bounded Lipschitz metric uniformly in 6, we will exploit 400
the relation

log(1 x2 X u2 q
og +x)_x—?+/0 T u u,
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where for x < 0 we use the convention

X M2 0 u2
/ du:—/ du.
o 1+u y 14+u

‘We thus obtain

T T T
1 1 )
Zr(0) = il Zem,e) -7 ;‘em,e) + ;Rm,e), 3.1)
with
er(O/JT 2
R7(y,6) :/ du. (3.2)
0 I1+u

We recall the following assumptions regarding the normalized weights.

Assumption 4. There exists a closed ¢-ball B(d) around # and a function g such that the normalized
weight w(y, Uy,1, 8) defined in (10) satisfies for some A > 0

sup E {E(y, U1,1,9)2+A} <g),
0eB()

where Uy,; ~ h(-|y,0) and u(g) < co. Additionally, & — ¢2(y, #) is continuous in & on B(A) for all
yeY.

We can relate expectations of powers of e (y, @) to that of w(y, Uj,1, 0) in the following way.

LEMMA 7. Foranyk >2andany T > 1

Efler 0,0t} < o[ E {@, U110 + 1]
where c(k) is a constant only depending on k.
Proof. This is Lemma 2 in Deligiannidis et al. (2018). We repeat it here for convenience. It holds

T k

1
IF > (v, U1:,0) -1}

i=1

1 T
= 2 w0, U1 0) 1)
i=1

Efler (.00} =

k/2

N
o

—~
»
~
t

A

INA

< m(k)% ZE {Iw(y, Ui, 0) — 1|k}
{

e1®)ea0) [ E{@0r, U110} +1]

for some constants cj(k), c2(k) by application of the Marcinkiewicz—Zygmund, Jensen and c,-
inequalities. d

As aresult we have thus

S E [ler 0,001} < e e [E{m0.v,00 ] +1] (3.3)

and the left-hand-side is finite whenever the right-hand-side is finite.
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S3-2.  Moment Conditions for Weak Convergence
Denote Y the o —algebra spanned by the data Y;.7 = (Y1, ..., Y7) observed up to 7.

THEOREM 3 (MOMENT CONDITIONS FOR UCLT). Under Assumption 4 we have the following uni-
form central limit theorems

a)

sup dar [ 10). 0 { =02@)/2,02@} 191 ] S 0,
6eB(0)

and
b)

sup dot.[g7(-10).¢ {:0%©@)/2.5° @)} 197 > 0.
0eB@)

We will need the following auxiliary results.

LEMMA 8. Let St(0) = ZiTzl & (0) denote the sum of zero mean independent random variables
&), ..., E7(0) such that var(St) = 1. Then for any Lipschitz function f with Lipschitz constant L
and Z ~ N (0, 1)

T T
ELf ST (0)} — f (D]l < L(4E |:Zf,'2(9)1{|5i(6)|>1}:| +3E [Z Ifi(ﬁ)lsl{m(a)lfl}])

i=1 i=1
Proof. This is Theorem 3.2 in Chen et al. (2010). O

The above result reduces the problem of showing weak convergence uniformly over some neighbourhood
B() to uniform laws of large numbers for conditional higher order moments. Conditions to ensure uni-
formity in the convergence of averages are widely established. We will use the following result given in
(Jennrich, 1969, Theorem 2).

LEMMA 9. Let A C RY be compact and let f: R¥ x A — R be continuous in 6 for each y € R* and
measurable in 'y for each 0 € A. Further assume that there exists an integrable function g, such that
| f(y,0)| < g(y) for all y and 6. For independent random variables Y; ~ u (i =1,...,T) then PY-
almost surely

1 T
sup 7§f(Yz,9)—E{f(Y1,9)} -0,

as T — oo.

Before we proceed with the proof of Theorem 3, we note that Lemma 8 is not formulated in terms
of conditional laws. However, considering conditionally (upon Y7) centred and independent random
variables {7 1,...,¢r,r such that ZLI var{&; (0)|Y1.7} = 1, we can apply the above lemma for ev-
ery realization Yi.7 = yi.7. Denote P% a regular conditional distribution associated with the law of
St =<¢ra+ ...+ Sr,r given Yi.r = y1.7. By applying Lemma 8, we get

deL{P},p(-;0,1) | Yi.r = yi.1}

T T
<4E [Zfi2(9)1{|§,-(9)|>1} | Yi.r = ylzT:| +3E |:Z GO Lz @<y | Yir = YI:T] RO

i=1 i=1

Y
Thus, if the terms on the r.h.s. go to zero in PY -probability then dBL{PY, o(-;0, 1)} L 0. With this
reasoning we can apply Lemma 8 to prove Theorem 3.

425

430

435

440

445
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Proof of Theorem 3, part a). Define

er(Y:,0) a
) = ey STO= Em(e),
where
or(Yir,0) = % ZT:var {er @) | Vr}. 3.5)
t=1
Thus

T
var {S7(0) | Vr} = > var {&r,(0)} = 1.

t=1

w5 In the following we will use the shorthand o7 (Yy.7,0) = {a%(leT,e)}l/z and or(Yi.1,0) =
{o? (Y11, 6)}r/2 for any real value .

Then St (@) fulfils the conditions of Lemma 8 conditionally on )r. The random variable Z7 (6) defined
in (3.1) can be rewritten as

T T
1
Z7(0) = Sr(@)or (Y1.1,0) — 3T I_ZIGT(Yz,Gf + ;RT(Yt,9)~
We have for Z ~ N(0, 1)

@ sup dpi[Law (Zr©) ¢ [ =020)/2.07O)) | Vr
0eB®)

2
— sup dpL |:£aw{ZT(9)},£aw[Zo(9) _Z (9)} |yT]
0eB() 2

1 < r 02(49)]:H
= E| f{Sr@or(Yi.1,0) — — Y02+ Re(Y, OV | Vr | —E| f1Z0(O) — —=
2 38 [P 1000 - Froor s oo 13-z -7

T T 2 0 2 0
E f[STw)aT(YI:T,e) o e 07+ Y ke 0 - T 4 7 )] m}
t=1

< sup sup

» fe 2 2
0eB(@) ‘]|"f \133]1(51) =1
(3.6)
4 o2(0)
—-E|f ST(Q)UT(YLT,@)+ZRT(Y1>9)— > | Vr
t=1
4 %)
+ sup sup |E | f1Sr@or (Yir.0) + D Rr(Y,0) = — = | Vr
0eB(d) feBL[R) =1
I flBL<1
20
—E |:f [ST(G)UT(YLT,G) . 2( )] IyTi| (3.7
a2(0) a2(0)
+ sup  sup (E| f1S7(@or(Yi.r,0) — | Vr|—E|f{Zc(0)— (3.8)
0<B(@) f€BL(R) 2 2

IfllBL=<1
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Now we have for (3.6)

2. 2(0) 2(9)
E|f ST<9>aT(Y1T,9>——Zerm,e) ZRT(Yt,e)— + | Vr

t=1

(3.6) < sup sup

0eB(6) feBLR)
I fliBL<1

470

d 2(0)
—E |:f {ST(H)UT(YLT,H) + ZRT(Yzﬁ) ] | yTj|

=1
< sup E |:min[1, } |yT:|
0eB(@)

T
er(¥:,0)°
where we use that f is bounded and Lipschitz. We can bound this term by
. 2(9) 1
sup E{ min{1, Z er (Y, 0)?
0eB(0)
1
< sup E( min —Z{JZ(Y,,G) —02(0)} Vr (3.9)
0eB(0) T

t=1
1 T
L= > er(Yt,H)z—az(Y,,e)}H ‘yr).
t=1

+ sup E{ min
0eB(©)
yr]

c2@) 1
2 2T
t=1

For any 0 < J < 1, we can bound the first term on the r.h.s. of (3.9) by

sup E |:min i 1, ]
0eB()

LS .07 — 20,0

t=1

1 T 1+0 1+0
< (i mif1 g 3 [t o]
=1
C ™
[2‘+9T‘+‘> D sup E HGT(YMQ)2 —GZ(Yz,Q)‘ ]]
1 0€B@)
C’ T Hl—o‘
=C STToT 140 Z{l + g(¥1)} -0 "
=1

in PY -probability by the law of large numbers using, in turn, Jensen’s inequality, von Bahr—Esseen inequal-
ity (von Bahr & Esseen, 1965) as E {ET (Y, 0)? | yT} =0o%(Y,;,0), cr-inequality, (3.3) and Assumption
4 for A = 29, noting that

2/(24A)
o?(11,0) = E fer (v, 0)* | r | < E{ler (v, 0)1*+*}

< C-{g(¥,) + 1}/ C+8)

where the last inequality is due to (3.3). The second term on the right-hand side of (3.9) can be bounded

sup E(mm[ Z[UZ(Y,,H) —02(0)}‘] | yT)
0eB(0)

< E(min , sup
0eB©)

LS om0 - 02«9)}” | yT).

t=1
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Noting that a2 (y, 8) is continuous in @ for all y by Assumption 4 and 62(y, ) < C - {1 + g(y)}¥/ 1)
we can apply Lemma 9 to get

T

% > o200 - 02(9)}‘ 2o

)

T Y
%Z {r2r.0) —02(0)}H |yT} 5o

t=1

sup
0eB(0)

and we can use dominated convergence to conclude that

L
E| E|min{l1, sup —E 2(Y1,0) — a%(0)
( [ 1 l ven(ey | 2T {0 ’ }

t=1

and thus

0eB(©)

E |:min { 1, sup
The quantity (3.7) can be upper bounded by

T
37 <E |:minil, ZRT(Yt,H)

t=1

T
} m} < > E[min{l, |Rr(¥;,0)]} | Vr]. (3.10)
t=1

We will split the expectation into two terms

E [min {1, |[R7 (Y;, )|} | Vr]

=E [min{l, |Rr (Y, 0)|} 1[ eT(Y;,H)‘<1} | yTi| +E [min{l, |Rr (Y, 0)|} 1[ eT(w)‘M} | yTi| . (3.11)
VT = JT

Recall

) er(n,O/VT 2
Rr(y,0) = du.
10,0 = [ il

We investigate the integral

X u2
‘I’(x):/0 1_‘_udu (3.12)

in more detail (see also Figure 1), where in the case x < 0, we interpret the above as an integral over
the interval [x, 0]. Without loss of generality, we can always select 0 < A < 1 in Assumption 4. On the
interval (—1, 1], we can bound the function

u2 |u|l+A
<

>

1+u ™= 1+4u
as0 < A < 1 where we show A = 0.1 as an example in Figure 1. Subsequently, we bound for x € (—1, 1]
X 2 X 14+A 14+A
/ “ dug/Ldugx-lx| s
0 1 +u 0 1 +u 1 + x

i.e. the box containing the area under the curve. This is visualized in Figure 1. The integral (shaded blue)
is bounded by the striped box. Hence, on the set |e7 (v, 0)//T| < 1, we have

er(0.0)/VT 2
/ du| <
0 14+u

For any non-negative random variable X and event A, we have the identity

ler (y, 0)1*F4 1
TIHAZ 14 er(y,0)/JT

E{min(1, X)14} < E{Xlx<i1a} +P(X > 1),
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1 '
0.8 | \
0.6 \
0.4
0.2
0
-0.5

Fig. 1. For x € (—1, 1], x = —0.5 on the graph, the re-

mainder of our expansion is estimated by the integral under

the solid curve (blue shaded area). We bound this integral

first by dashed line and then we approximate the integral
by the box containing the area (lines).

so we can bound the first term on the right-hand side of (3.11) foreveryt =1,...,T

E |:min{1, |R7(Y:, 0)|} 1{ #)51} | yT:|

2+A(Yta 9)/T1+A/2
I +er(Y:,0)/yT

H»{

By inspection of the function, similarly to before,

Yr

E%+A(Y1’0)/T1+A/2
T+er (Y;,0)/JT

2+A 1+A/2
(Y:,0)/ T4/

I+ er (Y, 0)/JT yT}‘

|u|2+A

er (Y1,0)
7=

g]l{

> 1

u =

14+u
one can easily verify that there exist 0 < J; < 1 and d, > 0 such that

|u|2+A

<l -0 <u<od.

p—

+u

Thus we have

2+A(Y 9)/T1+A/2
1 +€T(Yl‘79)/\/T

x|

< -
- (- 51)T1+A/2

Yr

200 o))
et ovr =) Ve

1[ A0/ 7148 /2 ] 1{

2+A(Y 9)/T1+A/2
1 +er(Y;,0)/T

E[ler(vi, )P |vr].

L5 <er(v.0)/yT <82} ‘yT}

510

515
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while
€%+A(Yt, 9)/T1+A/2

PI [+ er (1, 0)/JT yT]

3 IP’[ er(Y:,0) > min{51,52}‘yT]

T1/2
<
~ min{d, 52}2+AT1+A/2

1
The second term on the right-hand side of (3.11) is bounded by

> 1

520

E[ler(vi, o) r . (3.14)

E |:min{1, |RT(Y:,0)|} 1{ ‘Tf/y}’”))n} | yT]

<E [|RT(Yt,9)| 1{ eT(Y[,H)‘>1] | yT:| . (3.15)
JT

Aser(Y;,0)//T > —1,(3.15) is null for €7 (Y;, 0) < —1 so writing X = max{0, X} this can be rewrit-

525 ten as
er(Y1,0)/JT 2
E —dul ‘
/0 11 o e (r0)/yT21) Yr

(e () VT 2
<E / du | Y7

0 1+u

=/OOO ':_2 P{ET(Y;,0)+ > JTu‘yT}du,

1+u
where we have used that for the function (3.12) is increasing and differentiable on its domain so

E{¥ (X))} = l11(0)+/0 ¥ (u)P(1X| > w)du.

s.0  For A € (0, 1), we bound the remainder using

=/0°° u? P{ET(Y,,9)+> JTu‘yT]du

14u
o 2 Eler(r 0P+ [vr)
</0 Ttu  TCroaA

1 1 244
~ | et {ler 0P+ [y

£ {ler (v, 0P |vr )
T1+A4/2

= C(A) (3.16)

535  noting that

* 1

for A € (0, 1). Hence we can bound (3.11) by the sum of (3.13), (3.14) and (3.16) so, by using (3.10), we
obtain a bound for (3.7)

T
1
(D < s 2 sup E {ler (v, ) }yr}
(1 —oT0+8)/2 ;063@)
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T
1
+— sup E {ler (v, 0)** | vr )
min{dy, 6, }2+AT(1+4)/2 Z;eeg(é)
1 T
+C(A) s X sup E{ler, 0P+ [yr} - 0 a0

t=1 ‘9EB(é)

which all converge in PY -probability by (3.3), Assumption 4 and the law of large numbers.
We are now going to bound (3.8). We will use the fact that any constant ¢ and any two random variables
X1, Xo we have forc > 0

sup |E[f(cX1)— f(cX)ll < sup [E[f(X1)— f(X]

feBL(R) feBL(R)
E[clf(Xl)_f(Xz)”‘ o

Il flBL=1 I flBL<c
c c

= sup
feBL(R)
Il fllBL<c

<co s |EL(F(0) = FOMI.
i

Note that we only require || f||lL < 1 (|| f|lL denoting the Lipschitz constant) in the last line alleviating the
bound on the supremum || f||oc. The aim of the following paragraphs is to apply the above inequality and
Lemma 8 to find a bound on (3.8). Omitting for the moment the supremum over the set B(¢) we compute

for (3.8) 550
sup |E[f{ST@)or(Y1.T,D} |1 V1] = E[f{Za (@)} ]| Vr]l
feBL(R)
I flBL<1
< sup |E[f{ST@)orXi.r,} | Vr]1— E[f{Zor(Y1.1,0)} | V]l
feBL(R)
[IfllBL<1
+ sup |E[f{Zor(Yi.r,0)} | Vrl—E[f{ZoO)}]
feBL(R)
I fllBL<1
< O'T(YI:T,H)f SBULIZR) [E[f ST} 1 Yr1 = EIf(ZOI+ENZ|or(Y1.1,6) — 0 (6)]
[IfllL<1

2\ 1/2
<or(Yrr,0) sup |E[f{ST(O)}|Vr]l—E[f{Z}]|+ (—) lor(Y1.7,0) —a (@), (3.17) s
et §

We have already shown

T

2
Z o (Ytae) _0_2(0)

Y
o,
T

sup |02 (¥iir.0) = 6%(@)| = sup
0eB@) 0eB(©0)

=1

by the uniform law of large numbers (Lemma 9). Using |\/a — \/b| < /|a — b|, we have

]P:Y
sup |or(Y1.1,0) — 0 (0)] — 0.
0eB()

For the first part of (3.17), by Lemma 8 applied conditionally on Vr

1 < er(Y,,0)
E f[ﬁém]l)ﬁ}—lf[]p{z}]

sup O'T(YI:T; 6) sup 560
0eB(0) feBL(R)
I fllL<1
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<4 sup or(Y Q)ZT:E [ (i, 0) ]21 |y (3.18)
= u or\r.r, T v v ler (Y1,0)] T .
0eB(0) =1 VTor(Yir,0) {«/TUTT&;Tﬂ)>1}
T 3
E(Ytae)
+3 sup or (V1. 0)> E ‘— 1| o 1 vr | (3.19)
0eB(@) ; JTor(ir, 0)| || 7Ewsal<)

In order to control the 02(Y 1.1, 8) term consider the set

Ar(0) = [ylzT :sup ‘U%()’I:Tse) - 02(9)‘ < 5] .
0eB(0)

The uniform convergence of a%(leT, 6) means that for any 6 > 0
pY {AT(é)C} -0

ss  as T — o0o. Choosing d > 0 for any family of random variables yr (Y1.7, ) we have
sup yr(Yi.r,6)

IP’Y( > 5)
0#eB(©)
=P ([ > 5] ﬂAT(é))+IP’Y ([ > 5] ﬂAT(é)G)

sup yr(Yi.1,6) sup y7(Y1.7,6)

310 510
where we have already shown
P “ sup 77 (Yir,0)| > n] ﬂAT(é)”} <P {4r@°} - 0. (3.20)
0B (@)

Hence, for showing the convergence in probability for a random variable y7(Y1.7, ) it suffices to ensure

s convergence on the set A(d). On the set A(d) we can estimate o—% {(Y1.7(w), 8} > 6%(0) — 6 for all . By
continuity of o%(#)—and by shrinking B(#) if necessary—we further have o2(0) > ¢2(@) — o for all
0 e B(f) and we get for (3.18), ignoring the constant for now

T 2
e(Y;,0
sup UT(YI:Tae)ZE[I#] 1{ ol 1) Iyr} Lar )

0eB(@) 1 VTor(Yi.r,0) TTor 7.0

3 1 - . [e(yt,e)rﬂl e |1
< sup ———— ez (¥1.0)] T [+Ar ()
0eB(@) O']1~+A(Y1;T, 0) =1 \/T {x/T”T7"(Y1:T~9)>1} !
1
575 < sup
0eB@) {0%(0) — o}
c
= - (+8)/2
{o2(0) — 25} T1+A/2

T
1 24+A
(I+A)/2 T1+A /2 ZE{|ET(YZ’6)| + |yT}1AT((5)
t=1

T Y
> () +1) — 0
t=1

independently of 6 by the Marcinkiewicz-Zygmund law of large numbers (Kallenberg, 2006, Theorem
4.23). Together with (3.20) we can conclude that (3.18), vanishes in probability.
The second part, (3.19), can be controlled similarly via

e, 0) |

T
580 Yir, 0 “| [ VTortnr.0)
or(Y1.1, ); |:'¢TUT(Y1;Ta9)

M|z <1}|yT}1AT(‘5)

Tor (Y1.7,0) | =



Supplementary Material to Large Sample Asymptotics of the Pseudo-Marginal Method 25

3 1 L [le,0) .
< — e (Y1,0)
‘+A(Y1T,e), T (7Lt
(¥, 0) 7
< 7 (V1.,0)
{620) — }(1+A)/2 Z [ Y
< : : iE{k(Yt 0P 1 V1) 1400
= —_ > T
{020) - 25}(1+A)/2 TITATL £

C
{0.2(9) 25}(1+A)/2 T1+A/2

Z{g(n) +11 50,

‘ } | yr} 14,06

’<1} | yTj| 14709

which also does not depend on . A similar argument to the one used to conclude in the case of (3.18)

suffices also in this case.

O

Turning to part b), we analyse Z7(6) under stationarity. Therefore we need to introduce the probability
measure of the auxiliary variables under stationarity, i.e. the distribution of the auxiliary variables condi-

tional on the current state §. The conditional density is given by

w0 . py10,u) )
"= =T O %610 MO =0T M
which gives us the Radon-Nikodym derivative
dn(-10) v PO 10, us
”c(m! )ZHp(y | 0, u:) — exp(Zr(0))

=1 r(y: 10)

or alternatively

p(y: 1 0)

t=1

T
L [er(n.0)
_EI—JT +1].

ﬁp vi 10, u7) _H{ﬁ(Yt|9,Mz)—P(yz|9)

g

The limiting distribution will now be Gaussian with a shifted mean, i.e. ¢(-; 02(6)/2, 0%(#)). For Z ~

N (0, 1) we will make use of the following identity

2 2
Elfilze + Z W =Elrlzo - Z Jexp
2 2
for every bounded Lipschitz function f. The identity is not restricted to this case, but we will only consider

bounded Lipschitz functions. Before we present the proof, we have the following useful result.

PROPOSITION 4. The Radon-Nikodym derivative is asymptotically uniformly bounded in its second

moment,

0.2

o — —

2

T 2
Y;, 0
limsup sup E[H[M+1] |yT:| < 00.
=1

JT

T—oo 9eB(H)

Proof. Using independence of (Uy,1.7),.., we compute for all § € B(0)
T
€T(Yt30)2 ET(Yt’H) UZ(Yt’H)
E 2 1 = —+1
t]j[l { e R R R ]j —+

)

585

590

595

600
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r
< exp[z—a (?’6)]

t=1

T 2/(2+A)

14+ g(Y,

SCXp[EZC( g(Tt)) }
t=1

> exp [CE{(1+ g (1)@} ]
sos in PY -probability, which is clearly finite by Assumption 4. g

In the following we denote E the expectation under m and E the expectation under 7 (- | 6). Using the
Radon-Nikodym derivative, it is possible to relate the expectation of €7 (y, #)* under U at stationarity
(conditional on 8) to the expectation under U ~ m(-) by

Ey~z(16) {GT(y,Q)k} JT —=Eu~m() {ET(y,@)k+ } + Ey~m() [GT()}aQ)k} ;

st0  see (Deligiannidis et al., 2018, Lemma 4) for a proof. We are now able to prove the second part of Theorem
3.

Proof of Theorem 3, part b). Again we take Z ~ N (0, 1) and use the same decomposition as before,
but with all expectations replaced by E, the expectation at stationarity:

sup dp [ 10). 9 {1 0%0)/2.520) ]

5:10)

615 = SUp sup
0eB(@) fEBL(R)
Il fllBL=<1

2
- E |:f[Za(<9)+ z 2(9)” ‘

_ 2(6) 2(@)
E| f15r©@)or(Yir,6) — Zem,e) +ZRT(YZ,0> + | Vr

E |:f [ST(H)O'T(YI r,0) — —ZGT(Yn@) +ZRT(Yz,9)] |yT:|

t=1

< sup sup
#eB(0) feBL(R)

I/ lsL<l 1=l
(3.21)
. d 2(6)
—E |:f [ST(Q)UT(leT,Q) + ZRT(Yz,G) } | yT:|
t=1
- d 2(9)
+ sup  sup |E | f{Sr@)or(Yi.r,0)+ D Rr(¥,,0) — | Vr (3.22)
0eB(@) feBL[R) t=1
I fllBL<1
2
620 - E |:f [ST(Q)GT(leT,G) (9)} | yT:| ‘

0eB(@) feBL(R)
I fllBL<1

- o2
+ sup  sup ‘E f[ST(H)O'T(Yl:T»Q) (6)}|yTj| |:f[Z o 2(9)”'

(3.23)
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For (3.21) we have
] | yTi| :
An application of Cauchy-Schwartz yields

i 20) 1 <«
E |:minil, 02( ) _ ﬁZGT(Yt,Q)ZH |yT:| 625

T

2
d (9) ! €T (Yla 6)

2 2T
t=1

(3.21) < sup E |:min[1,
0eB@)

[ 520 L (er (.0
—E mm[l, O _ ZGT(Y,,G) H’ rd.9) ]|yT
L =1
— 2 1/2
] ke 1 2 - erm,e)
<E mln|1, > —ﬁl_l er(Y:, 0) | Vr E ,ljl 1] | Yr
_ 1/2 T 1/2
o) 1 « er(ti,60)
< E|minq1 - — Y, 0)* - :
< 1n[ 1 2T;—1ET( L) YVr E[ T ] | Yr
By Proposition 4
r Y:,0 2
limsup sup E |:H [GT( L ) ] | yT:| < 00
T 9eB@) |1=1
and we have previously shown that 630
. o ( )
sup E [minq 1, ZeT(Y,,Q) | YVr
0eB(@)

As for the remainder (3.22) we argue analogously
[mm i Z Ry (Y1, 0) } | yr}
i L (er(¥i,0)
. ts
=F mm[ ]H[T+1]|yT:|

172
< FE min[

12
} | -E[H[ET(j’T’G)H] m}

1, ZRT(Y,,e)

t=1

oo~

T
L[> Rr(1:,0)

t=1

t=1

12 - ¥.0 5 12
]lyTj| E|:Hi€T\/—;:)+1] |yTj| . 635

t=1

0)

< FE mln{

The first factor vanishes in probability as we have shown in the proof of Theorem 3(a), where as the
second factor is bounded by Proposition 4.
For (3.23), note first that

T
E [H[ETS/—'T’G)H] Iyr} =1 and E[ezf’(")-”iz@} =1.

=1
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Hence, we can write

2
640 E |:f [ST(e)O'T(Y]:T, 6) (9)} | yTj|

2 2
=E{f{sr(0)ar(m,9) (9)]1‘[[”“’ %) 1}|yr]5[820(0>—”5’}

t=1

o2 T 2
=E |:f [ST(G)UT(leT,Q) ©) ] H [GT(Ytﬁ) ] 200)-"3" | yT:|
t=1

and similarly

2 29 T
S o IR o S B v [
t=1

20 T
s =E[fﬁz 0+ == (9)} ZJ(9>—”2”H[6T$’T’9)+1] |yT:|,

t=1

where we used that Z is independent of all other random variables in both cases. Using these identities
we obtain

2 2
[[sr(e)w(m,e) (0)]|yr} [f[Z ©) + (H)H‘

2 o2
< [ [ST(H)UT(YLT,@) -2 2(9)] - f [20(9) + (0)] |yT:|
2 2 T 2
0 < |E |:( [ST(H)O'T(YI:TaH) -7 2(9)} - f {ZU(G) -2 2(9)})H[ET?/G7:6)‘ + 1] (2o O= 5% | yTi|
=1
52(0) 20T :
< St(@)or (Yr.1,0) — [~ f1Zo(0) - > | Vr

t=1

T 2 - a2 %
x E[H[—ET%Q)H] Az ]|yr} .

We investigate the two factors of the product separately. First we use the fact that || f|lcoc < 1 when
Il flIsL < 1 (see (1.3)) and thus

1

2 ) 2 2
w  |swp sup E ([f [sTw)aT(YI:T,e) e 2(9)} _f {Za(e) e 2(‘9)” | yT>
9eB(@) fEBL(R)

I fllBL=<1

1

2 2 2
E([f [sTw)aT(Yl;T,e) _e 2(6)} _f {20(9) _° 2(‘9)” | yr)

< sup sup -0
0eB () fEBL(R)
I fliBL=1
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in PY -probability as established in the previous part. For the second factor note that Z is independent of
all other random variables and hence

2 2[2 (6)—@]
]e T

ET(YN 0)
sup |E [— +1
0eB@) tI:II VT

1 1

T 2 2 ()220 2
= sup E[H[GT(\)//—;G)+1] |yT] E e2’Z s ] .

0eB() =1

We know

) 7
sup E|:H[ET(\)/I—ZT’0)+1] Iyr]

0eB(©) =1

converges to a constant in P -probability and

1

2
2 zJ(e)—L(@)]
sup E e[ : = sup exp(c(0)*)"? < .
9#eB(©) 9eB()

S3. GENERALIZED LINEAR MIXED MODELS
S3-1.  Exponential Families and Random Effects

In this section we introduce a class of random effects models for which all assumptions required for
Theorem 1 are satisfied. We analyse the latent variable model introduced in Section 5 for the popular class
of generalized linear mixed models (see e.g McCulloch & Neuhaus, 2005), where the observation density
is of the form of an exponential family. We restrict attention here to the class of natural exponential family
distributions, i.e. T'(y) = y, with respect to the Lebesgue measure

p(y I m)y=m(y)exp{ny — A}, 4.1)

where y is the natural sufficient statistic and # denotes the natural parameter, which will be set equal to
the linear predictor in a generalized linear model. The function m(y) is a base measure, which can be
absorbed into the dominating measure. A(#) is commonly referred to as the log-partition function and we
assume that A is strictly convex and increasing in # so that the log-likelihood will be strictly concave. This
assumption will be satisfied in the most common natural exponential family models including Poisson
and Binomial models. In the following we will allow for multiple measurements for each group, which
means we have one random effect associated with multiple observations. This corresponds to the logistic
mixed model of Section 7. For the conditional exponential family with J repeated measurements y, =
15 -5 ye,0)" where , j = ctT’j,B + X, j=1,...,J,t =1,..., T and the random effects are centred

Gaussian variables X ~ N (0, 72) independent for each set of repeated measurements y. We will simplify
the notation by dropping the subscript  as the importance sampler for each ¢ can be considered in isolation.
Assume here that

J

gy 1x,0) = [[mOp)exp[njx)y; — Alnj )], F&x160)=0p(x;0,7%), (4.2)
j=I1
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where 7 (x) = c} f + x and c is a vector of covariates with corresponding parameter vector . The (full)
model likelihood for every observation is now given by

J

p(y.x 10) o [[m(yj)exp [n;(x)y; — Alnj(0)}] o(x,0,7%).
j=1

Since X is unobserved, we are interested in the marginal likelihood
P 10)= [ pOx o)
J
= [ TTmG e[y, = At Nl o0, o
j=1
Consequently, the likelihood of a set of observations yy.7, with y; = (yi,1, ..., i, 7) is
T J
pour 10) =] / [T exp [ne, G ye — Al j oY 0 (xe, 0, 22)dx,.
t=1" j=1

We list the log-partition function as well as it’s first derivative A’(x) = 0, A(x) (which will be important
later) below together with the base measure.
Binomial. Denote n the number of trials, then

n
A =mog L+, A= o= ("),

Poisson. For the Poisson family
1
A =e", Aim=e", m@)= Nk

S3-2.  Asymptotic Posterior Normality

This section establishes the Bernstein-von Mises theorem for priors having exponentially decaying tails.
Denote ® c R? a subset of the Euclidean space, where we take d = 1 without loss of generality. Consider
the case of i.i.d. observations Y1, Y, ... drawn from a density ¥; ~ f(- | é), where 8 € @ is assumed to
be the “true parameter”. The measure describing the distribution of the data vector Y. = (Y1, ..., Y1)
is written as Py 5. Writing 7 (9) for the prior distribution we denote the posterior density as

[/, fOi 1)z 6)
Jo ITIZ1 £ (i 1 )7 (0)d0
THEOREM 4. Let the experiment be differentiable in quadratic mean at 0 with non-singular Fisher

information matrix I, and suppose that for every ¢ > 0 there exist an increasing sequence of sets K| C
Ky C ... with U2, K; = @ with Kt growing at rate T. Assume there exists a sequence of tests such that

E(¢7) — 0, sup Ej(1—¢7)— 0.
{16-61=e}nKr

(@) =x0 | Yi.1) =

Furthermore, let the prior measure be absolutely continuous in a neighbourhood of 6 with a continuous
positive density at 0 s.t. for T large enough, we have

x ([—T, T]G) < crexp(—erT),

where c1 and ¢y are positive constants. Then the corresponding posterior distributions satisfy

/ ‘ﬁr(h) _p (h JT (éT - 90) , Ig_l)’dh 50 43)
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in Py g-probability where

0

T

and

0+h
zr(h) = mr ;1/2/\/7)

is a measure on H = {h = \/T (0 —0) : 0 € ©}.

Proof. The proof follows Van der Vaart (2000), Theorem 10.1, see also the lecture notes by Nickl
(2012). We will show that it is enough to show convergence of the measures restricted on some arbitrarily
large compact set. In order to do so, denote

P(ANC)
P(C)
for any measurable set A the restriction of the probability measure P to the set C. Denote

h=.T (0 — 6_). We will write Prj for the posterior distribution with data Yi.r and parameter
0 + h//T (= ). Define the prior-weighted mixture measure over a set C as

PC(A) =

Pr.c Z/PT,hﬁ]g(h)dh.

The expectation with respect to Pr ¢ is calculated as

Erye 1)) = [ [ F0rnaPraonn)af (a.

For any sequence of sets Ay with Py 5(Ar) — 0 it follows that Pr g(A7r) — 0 and vice versa, where B
denotes a closed ball around 0. (Two measures with this relationship are called mutually contiguous.)

This means that we can interchange convergence in probability under the measures Pr p and Pr .
Let C now denote a ball of size M7 around 0 where M7 — oo as T — oo. We can show that the total
variation between distance between the posterior and the posterior restricted on the set C vanishes by
estimating

frrn 55 @), =20 (7).

where || - ||y denotes the total variation norm. We will show that the left-hand side converges to zero under
Pr g for B a closed ball around 0. We can now use the tests ¢7 to bound

ET B {ﬁT(CC)} =ErB {ﬁ'T (CC) (1 —¢r+ ¢T)}
<Erps [ﬁT (CB) 1- ¢T)] + Er B (¢71),

where E7 g (¢1) = op; 5 (1) by assumption. Now

Er B {PHrlYl;T (CC) (r- ¢T)}
_ [T, fO+g/VT. ) ( ) di (h)
//R S )J"H, 1f(9+m/\/T mdn(m)Hf 7)Y B

#(C% - lf(e—f-ﬁ,yi) ) : o
- - dz (h)dPT (y)d
7(B) /CC /RT/( ¢T)fFL L@ +m/ T, y)dz (m) (h)dFg (7™ (g)
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- %Emn (#r(B)(1 - ¢7)}
The upper bound is
%EgcﬁT(B)(l — 1) = Z(S;)) /cc ar(B)(1 — ¢T)PhT%
- - (13) /C E /R #(B)(1 = ¢r)dP] () (0 CY)
< - (13) [ EQ—gnaianch)
_ 7;(13) /cc E(l = ¢r)di (h)
_ 5(13) [, B =i+ %3) o B =m0

where K7 = {h = VT —0) : 0 e Kr}. For simplicity and without loss of generality we assume K7 =
[=T, T in the following. By Van der Vaart (2000, Lemma 10.3) the tests converge exponentially fast so
with0 =0+ h/T,h =T (0 —0),d0 =dn/JT

! 1
E(1 — ¢7)d7 (h) =
7(B) Jctngy (1 = ¢r)dz (h) 7 (B) J{j0—a1=mr/yTinks
1
- Eg (1 - 0)do
= (U) J{10-6)=M7/yTINKT o (1 —¢r)m(0)
1
B Eg (1 - 0)do
7 (B) J{p'=10-012M7/yT}NKT o (1 —¢r)m(0)

1
Eyp (1 — 0)do
28) Jyo—sispyony o (1 —¢r)m(0)

Ep (1 — ¢r) n(0)do

:Cz/ B eXp(-DT ”H_éuz)dg
{D'>16-61>Mr/T}NKT

1
7(B) J{j0-01>0'}nkr

< CZ/ exp (=0T |0 —8]*) 7a0
{h:h>M7p}NKp

+2e3T1? exp(—c4T),

exp(—c3T)x (0)do

where we used 7 (B) > 1/(c3T'/?) for some constant c3 because the prior is positive and continuous at

6. For the second part

1 -
7B) Jeoogs M T N S 25 s
1 _
=5 oo 7@+ h/JT)dh

< C3T1/2/En(0)d9

Ky

d7 (h)

< C3T1/2 -crexp (—cpT).
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As T — oo we have
~ ~C
lZr — g llw — 0

in Pr g-probability and by contiguity also in Py j. 755
Similarly, for a Gaussian distribution with means sup |#7| < oo and variance o> we have

o o) 0 ()| <24 ) (€9)

We know that A 5 is uniformly tight, i.e. for any & > 0 there exists K such that sup; P (| Ar,e“ < K) =
1 — &. Hence, with probability 1 — ¢

I (30 177) = N (30 157)] 2 (40 157) (€9

by choosing M (the radius of C) sufficiently large. Hence, by the triangle inequality we have to show that

/’ =9 (1 Ar g 17") [ dh > 0

in Pr o-probability. Denoting x* = max{0, x} 760
1
2
+
_ -1
_ / 1 - 7€ (h)dh
Tr (h)
/ | (h Arg. Iy )flcfrg(g)n(g)dg
B Loz (h)

w0 =o€ (s Apg, 15| ah

#5 (hydh

+

(s 875 15") dg | 75 ()an

_ / L /1c<g)f£g(g>n<g)¢c (h: ap . 15")

2
Le(h) ff, (Wym (h)p© (g; Args Ig_l)

s// . ff (@7 ()¢ (h;AT’é’Ié—l)

£ eC (g3 Ar g, 1)

c c (. -1\ *
c » I1,.(&)7(8)p (h’ATﬁaIg ) c
< lsupo (x;AT,g,Ié ) // - “S ) dgaf (nan.
xeC FEa M meC (g5 Az g, 1)

o€ (g;Am, . )dgnc(h)dh 65

By dominated convergence it is enough to conclude that this quantity goes to 0 in
Pr.e(@)Ff @ice) = [ Pra@y)if (dhic(e)

T T ~
M1, £ (0 + b/ T, yi) #€()dh
= 0 ; dsic(d
/.l [ 71 ST e 5740

(0 +h/yT,y) 7€ (h)dhic(dg) 770

I
I¥ ::] ~
I

= Pr,c(dy)z € (h)dhic(dg)
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probability. Under Theorem 7.2 in Van der Vaart (2000) mean-square differentiability of the likelihood
implies that the likelihood ratio allows for the LAN (Van der Vaart, 2000, Definition 7.14) expansion

T, O+ g/VT. ) _
[, £O +h/JT, )

T
7 fO+g/JT, Yz)/ fO+h/JT,y)
=11 1, ) H £, y)

775
i=l1

T
1 1
:exp(—ﬂE ng’g(yi)—Engeg— 2 W00 = 5 o Ieh+opg(1))
i=1

i=1

and thus as 7 — oo and using continuity of the prior 7 at & we have
It (@) (2)p€ (h; Az Ié_l)
FEa M eC (g3 Ar g, 1)

which yields the result. g

-0

Remark 3. i) The centring sequence A7 g can be replaced by any best regular estimator. To see this
780 note that following Van der Vaart (2000, Theorem 8.14) any best regular estimator, Or, satisfies the
expansion

T

1 _,00(0,Y))
JT(GT—H)—JTEI 1—0+ op,;(1)

and thus
Ar(@) — JT (éT —é) >0
in P g,-probability as T — oo. Since
W (a0 57) =N (v (or =) 5} | < [y (Br =0) = ara] -0

in probability.
785 11) Under regularity conditions (Van der Vaart, 2000, Theorem 5.39) the maximum likelihood estimator is
best regular and can be used as a centring sequence following the argument in ).

We will now apply this Bernstein-von Mises result to our exponential family models. Hence, consider
again the likelihood contribution of every observation y,

J
p(y1B,71)= / [TmG)exp {(CW +x)y; — A(C;B + x)} o(x, 0, 72)dx. (4.4)
j=1

For simplicity we assume that the exogenous variables c; are all identical and that © is a subset of R. Let

790 A be continuously differentiable (e.g. the Binomial and Poisson models introduced above). The prior can
be easily chosen to fulfil the conditions of the updated Bernstein—von Mises theorem. The other conditions
need further analysis. In order to show differentiability in quadratic mean it is sufficient to prove that the
map 6 — p(y | 0)!/? is continuously differentiable. By Lemma 7.6 in Van der Vaart (2000) we need to
show that

1/2
0 piy|0)/* = [/m(y) exp {(c"B +x) -y — A"+ x)} p(x,0, r2>dx}
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is continuously differentiable for all y. Firstly,
0 1
—_ H'2—_ "~ 5 ).
2P0 10) 0 [0 op(y | 0)

It is easy to see that @ — p(y | #) and 8 — Jgp(y | ) are continuous. The fisher information is well
defined, continuous in § and positive since

Iy = E [ (89 10g p(¥ | 0)1?]
_ / (3 log p(y | 0) p(y | O)dy > 0

whenever 9y log p(y | 8) is not identically O for all y. The multivariate case is more involved and treated
for example in Mukerjee & Sutradhar (2002) for the Binomial and Poisson case. In order to ensure the
existence of the tests consider K1 C K C ... an increasing sequence of compact sets with U° | K; = ©.
Then, if the model is identifiable and continuous in total variation norm, Lemma 10.6 in Van der Vaart
(2000), and a diagonal argument similar to that in the proof of (Van der Vaart, 2000, Lemma 10.6), ensures
the existence of a sequence of estimators Ar such that SUPgek, P9(|9T — 0] > ¢) > 0 whence we have,
see for example (Nickl, 2012, Lemmas 1,2 in Section 2.2.3),

Ez(¢r) — 0, sup  Erp(l—¢7r)— 0.
{10-01>e}nKr

Since our model has a density with respect to the Lebesgue measure continuity in total variation is trivially
the case as we can write the total variation distance as

1Py = Pyl = / 1p(r 10) = p(y 10| dy.

Therefore, by Scheffé’s lemma, continuity in the parameter already implies convergence of the integral
and therefore continuity in the total variation distance. To conclude that our models are indeed identifiable
it is enough to ensure that

i) the integral
EY)=E[A(k+ X)] :/ A'(k + tx)p(x; 0, 1)dx < oo,
R

for all k, r and
ii) the equation

AT By + 11x) B A'(cT By + 12x)
7] - )

for all c and x

has no solution,

see Labouriau (2014). These conditions are fulfilled for the Binomial case, A’(n) = ne” /(1 + e"), and
Poisson case A’() = e”.

S3-3.  Importance Sampling with Univariate Random Effects

We will now consider Assumption 3 in the context of generalized linear mixed models, which we will
prove using Assumption 4 and Theorem 3. In the following we will first consider a univariate random ef-
fect and a Gaussian importance sampling proposal. This will include the example of Section 7. In addition
we will show how fatter tails in the proposal affect the existence of moments by considering a univariate
t-proposal. Recall that we are interested in bounds on

EXY (Y, X, 6)°
EY|: sup EXV {w(, X, 0)“}} = EY|: sup lSs . ) }}, 4.5)
9<B@) 9eB@) p(Y 10)
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where a > 0,0 = (f, 7) and B(9) C © denotes a closed e-ball around 8. For additional clarity, we write
EY and EXV for the expectations over ¥ and X given Y, respectively. Consider the Gaussian proposal
centred at the mode

q(x1y) = (%, 7)), (4.6)

where qu denotes the proposal variance and X is the mode of A(x; y) = g(y | x) f(x) and fulfils the first
order condition

=2 s—A®). @7

where A'(x) = Z]J-ZI A’(c}ﬁ + x) with A’(z) = 6;A(z) and S = Z]J'=1 y;. For later convenience we de-
fine the unnormalized proposal density

_ a1y
q®1y)’
where g (x | y) is the proposal density. For a symmetric proposal distribution centred at X the term g (X | y)

is simply an inverse normalizing constant, which only involves the proposal parameters. For the Gaussian
proposal

q(x;y)

_ (x =% _
CI(X,)’)—CXP{—T ; Q(XW)—W- (4.8)
Associated with this we introduce the modified weight which is defined as
~ Olx)f(x 1 h(x; 1
B y) = 5V ) f (x) _ y) 4.9)

gD G y)  hEY) G y)]

where h(x; y) = g(y | x) f(x). These weights are easier to work with as w(x, y) = 1 when x = Xx. It is
easily seen that

_ hsy) e ly) _ wix y)q(fl y)
q(x|y) h(x;y) R y)

so that the modified weights are proportional to the standard weights w(x, y) as a function of x. We can
recast the expectation (4.5) as

_ EX{w(X,Y,0)")
EY EXY Gy, X,0)Y | = EY 4.10
[02229) e ) }} LZ;}?&) p(Y | 0) *10

_ [ EX {ip(X, Y, 9)“}}

sup =
6eB(®) EXW (X, ¥, 0))°

w(x,y)

The log-density of the observations is given by

logg(y | x) =

M~

{logm(y;) + yjnj — A(n;)}

~
I
<N

M ~

{logm(y;) +yjc;p +yjx — A(cj + x)}

=1
=k(y) +x(Jy) — A(x),

~
I
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where k(y) represents constant values (which do not depend upon x), Jy = zjj'=1 y; and Z(x) =
ij‘:l A(c}ﬁ + x). Hence, we get
~ x2
logh(x; y) =logg(y | x)f(x) = c+x(Jy) — A(x) = . (4.11)

We will proceed by deriving bounds for the denominator and enumerator of (4.5) separately. We present
the following lemma on the denominator without reference to the Gaussian proposal, because it holds for
general proposal distribution.

LEMMA 10. Consider the exponential family model with repeated measurement j = 1,...,J and
Gaussian random effects. For general proposal density q(x | y) we have

1 B (2m)'/?
EX{w(X,y)} = C

where b = TZ’(?) and C = q(x | y)Qu )2

b+,

Proof of Lemma 10. For given observation y, the expectation of the rescaled weights is

EX(@(X, y)) = / (e, Y)g(x | y)dx
:/h(x;y)q(x | y)dx

h(x; y) q(x; y)

h(x;y)
h(x; y)

Write again S = Jy = Z]J: 1yj- Since Ais an increasing function we obtain for x < X,

=q(x|y) dx.

N ~ 1x2 - . 1x?
logh(x;y) —logh(x;y) = —A(x) + xS — == + ARX) =35+ - —
272 272
S (t=D)S 1x2+ 1x2
=F=a 272 272
1 {x —25)?
=Ry— - "
2 2 ‘L’z 9
where
22 =2 2 A (N2
o857 1x = A'(X)
R = - S —— =,
2= T 2

by using the first order condition for the mode ¥ = 72{S — A’(X)}. Therefore

121’4“/(5(\)2

EX (X)) 2 @ 1y (2re7) exp[ .

] Of{—1A' (X))
Consider the inequality due to Birnbaum (1942)

exp(=b*/2) < (1)1/2 {b+(b2+4)]/2}

1 — () 2
Setting b = tA'(X) and C = ¢(% | y)(2wr2)/2 gives
32
1 - exp(—b-/2)

EX{D(X,y)} ~ C{l - (b)}
c-! (%)1/2 {b n (b2 +4)1/2}
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b+1),

865

1/2
_en
- C

as (B> +4)1/2 < b+2. O
Using Lemma 10 we can set

1 1 ~
SUp — = < — [t A@) + 1},
0B () EX{w(X,y,0)} geB(g) g(x'| y)r { }
We will use this result in the following corollary.
COROLLARY 1. Assume one of the following condition holds:

s7o (i) sup, K/(x) < 00, _
(i) EY(Y?) < 0o and supy.pg A'(0) < oo.

Then taking the expectation over Y, we have
EY sup ! < 00
0eB(O) EX|Y{{5(X, Y)}a

Proof. Applying Lemma 10 with b = 7 A’(%) yields

1 AF® +11°
E"| sup —g=o— | <E'| sup [ﬂ] : (4.12)
0eB@ E {w(X, Y)} 0eB(@) Cr

where we write C = ¢(X | y) which only involved parameters of the proposal distribution. The right-hand
ers  side of (4.12) is finite provided EY {supg B@) A’(X)?} < oo. This concludes the proof for (i). For (ii) we

need to control the function A’(%). Therefore, it is useful to establish the behaviour of A’(%) in terms of
the random variables y = (v, ..., yy). Recall the first order condition (4.7)

T={Iy - A @),

where the sufficient statistic is § = Jy = ij':l y;. It is easily established that A'(X) < max{A'(0), J¥}.
To see this note

oclogh(x; y) = J3 — A'(x) — 12 4.13)

0 The function A’ (x) is monotonically increasing. If A (0) < Jy, then at x =0, 9, logh(x; y) > 0 and
at x = X, where A'(X) = Jy, 0y logh(x; y) < 0 since X > 0. Similarly, if A’(0) < Jy then at x = 0,
dxlogh(x; y) < 0Oandatx =X, 0y logh(x; y) > 0. As a consequence, the mode of the concave function
log h(x; y), X is always between 0 and x, where A’(X) = Jy. This yields A’(xX) < max{A’(0), Jy} so that

EY[ sup X’(B?)“] < EY[ sup max{A’(0), S}“:|

0eB(©) 9eB@®)
a
885 <EY [maxl sup Z’(O),S] :|
#eB@®)
- — o
= sup A/(0)'PY{S < sup A'(0)} + / _ sdFs(s).
0eB(®) 0eB(@) Supye gz A’ (0)
The last quantity is finite whenever sup, B®) A (0) < oo and EY(Y%) < oo. O

Remark 4 (Examples with Gaussian proposal). If the proposal is a Gaussian centred at the mode
gix | y) =o0(x; 7, rqz) and C as defined in Lemma 10, then C = 7 /7,. For the Binomial case, we know



Supplementary Material to Large Sample Asymptotics of the Pseudo-Marginal Method 39

that sup, A’(x) < oo and therefore condition (i) of the preceding Corollary 1 is fulfilled. For the Poisson
case A’(x) is not bounded, but we can use the second part of the corollary. Note that A (x) is continuous
and therefore A’ (0) can be bounded in a neighbourhood small enough. In addition, if the Poisson model
is true, it is straightforward to establish that the moments E(Y¢) exist for all @ > 0 and we can therefore
conclude by part (ii).

Having established conditions to ensure
EY [ sup XV (@ (X, Y)}_“:| < o0
0eB(@)
we can bound (4.10) whenever there exists a constant K < oo such that

sup sup EXV{&(X, y)*} < K.
yeY 9eB@)

In the following we will provide conditions for Gaussian and ¢-distributed proposals.
PROPOSITION 5. Consider the Gaussian proposal (4.6) and some exponent a > 0. Then
EX{@(X, y)*} < 00

if and only if qu > (”—;1212, where ©2 is the variance of the random effects term. If this condition is
satisfied then

B 2_( -1 2 _%
EX{w(X,y)“}s[W] ,

independent of y.

Proof. For brevity we define the sum S = Jy = Z]J‘:I y; and again have A(x) = ij':l A(cj™B + x).
Note that x —> A (x) is convex and thus always dominates its chord

AR) = A®) + A®)(x =)
for any values x, X. Then the modified proposal form g (x; y) is given by (4.8), so
logw(x, y) =logh(x; y) —logh(x; y) —logq(x; y)

~ 1 x?
=xS—Alx) — ——
x x) 52
e~ 1R 1 (x=%)?
This is, by design, zero at x = X and can be bounded as
1x2 1 x 1 (x —=%)?
log (x,y) £ 505 +15 - A(x)}(x—A)———+§(T—2)
q

2
= — _ d’
=)
by noting the first order condition that /72 = § — A’(%). The constant d is defined to be

1
d==——,

1
2
7

2

and d > 0 if we choose 7, < 2. Hence

EX{@w(X, y)Y} < EX [exp I%(x —f)ZH, (4.14)
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where again the expectation is with respect to g(x | y) = ¢ (x | X, rqz). As a > 0, clearly the above ex-

pectation exists if d < 0 which would imply choosing [(12 > 2. To obtain a precise condition we note
that

X=%?% 5

2 A1
(7

Considering the moment generating function of the y2-distribution we know that the expectation (4.14)
exists provided

2

T -1

adrq2 = a(l - —qz) <1, 1ie. qu > (a—)rz. (4.15)
T a

If this inequality holds, the moment generating function of the y2-distribution exists and we have
d -1/2
EX [exp[%(X—f)QH =(1—adrqz) .

Finally we obtain

2 1-12 2 21712
Ex{m(x,y)“}g[l—a(l—%)] =[M‘I(+I)T] ) (4.16)

as required. g

Note that by the upper bound in Proposition 5 still depends on parameters via the variance term 7. How-
ever, since the dependence is continuous we can find an upper bound over any compact set. Thus, we have
the simple corollary.

COROLLARY 2. Under the conditions of Proposition 5 there exists a constant K1 < oo such that

sup EX{(X, y,0)"} < K,
0eB@®)

independent of y.
We can summarize the results so far in the following theorem.

THEOREM 5. Consider the random effects model (4.2) and assume we have an importance sampling
estimator with proposal distribution

g |y) =%, 7))
and proposal variance qu > (“—;1212. Assume additionally that either
i) sup, A'(x) < oo or _
i) EY(Y) < oo and supyc pgg) A'(0) < oo.
Then
EY[ sup EX {w(Y, X,@)“}:| < 0.
0eB@)

Proof. We have

_ a EX{(X,Y,0)")
EY[ sup EX {w(Y, X, 0) }} = EY|: P W,Y,@)}”}

#eB@®) 0eB(0)
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<EY sup L < 00
where the first inequality is by Corollary 2 and the second by Corollary 1. (]

For the logistic model of Section 7, A (x) is bounded above by a constant. Indeed

J J Tpt+
Al(x) = Z A'(CTB +x) = z &
J Tpax”

=1 j=11+e"

Hence, we know (see Remark 4) that

EY|: sup EXI {w(x, Y)“}:| <00
9eB@®)

for all a if we take, for example, qu = 72. We note, however, that the proposal may not be particularly
efficient as the proposal variance would ideally be made to be proportional to 1/J, where J represents
the number of observations associated with each latent variate. Hence, taking qu =72, for example, may

be much too large as a choice for rqz. This naturally leads to consideration of the z-distribution which has
heavier tails, see for example (Owen, 2013, Chapter 9) and so controls the numerator term. We consider
the z-distribution proposal centred at the mode, with scaling rq2, sothatg(x | y) =1, (x | X, qu). For the
t-proposal, we have

Il )21,

s q(x|y)= ROEAR 4.17)

V72

(x — ) ]—(v+1>/2
q

67(x;y)=[1+

We proceed in the same manner as in the Gaussian case. First we compute the bound from Lemma 10 for
the z-distribution. Assume the proposal is a ¢-distribution centred at the mode g(x | y,8) = 1, (x | X, r(?),
then

T ZF(%)
_rq v F(%)
and thus
r(L
L a TG oy,

EX{w(X,y)} ~ = 2r(%)

PROPOSITION 6. For the target h(x; y) of (4.11) with g(x | y,0) = 1,(x | X, rq2) specified above we
shall assume that the function x — A(x) is a monotonically non-decreasing convex function. Then,

E*Mo(x, 7)) < K,

| 2 2 1
Kz:[r—2(U+ )} GXP{K(_qZ—l——)],
7, v 2\t v

2 v+l 2 _ 2 v+1) 2
fortq <= andKz—lforrq > =T

where

(i8]

Unlike the Gaussian proposal above, the ¢-distributed proposal does not have any restriction on how

small the variance qu can be. This might be chosen, for example, according to the second derivative of

log h(x; y) at 0 so that T, 2= 244" (0). This would reflect the influence of a large number of repeated
observations, J.
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Proof of Proposition 6. Recall that x — A(x) is convex and thus always dominates its chord
A(x) > A®) + A@)(x — )

so for any values x, X. For the modified log weight this yields

o

logw(x, y) =logh(x; y) —logh(x;y) —logq(x; y)
2

~ 1x
— xS —A(x) — =
X (x) 52

~ 132 1 _\2
SRS AE) A Dy a

2172 2 ‘L'qz

12 ~ 1x2 W+ (x —%)?
< - (S-A P log { 1
<3t (O}x =) st og[ + V2 I

s We recall that ¥/72 = § — A'(%). Hence

2 =2
— 1 —
logw(x, y) < _(x ) + W+ )log 1+ x — %)
272 2 ve2

Writing X = (x — X)/7, we obtain

2 ~2
175 _ 1
__q2x2+ O)L)log (1 + x_)
T 2 v

logw(x, y) < —3

The resulting symmetric function can be verified to be maximized at x> = (v 4 1)72/ qu — v, provided
this expression is positive, otherwise the only maximising root is at X = 0 and so log w(x, y) < 0. If the
970 expression is positive we obtain an upper bound

2 2
1 T 1 1
logw(x,y) < —={(w+1)—v-2L _|_(V+ )log v+1)z” '
2 T2 2 ¥ qu

COROLLARY 3. Under the conditions of Proposition 6 there exists a constant K3 < oo such that

sup EX{(X, )} < K3
9eB(9)

independent of y.

o75 Proof. The constant in Proposition 6 depends on & only through 7. Moreover, the upper bound in
Proposition 6 is continuous in 7 and thus can be bounded over the compact set B(6). O

We can summarize the results regarding the ¢-distribution in the following theorem.

THEOREM 6. Consider the random effects model (4.2) and assume we have an importance sampling
estimator with proposal distribution

g |y) =t |5, 1)

980 With qu > 0. Assume additionally that either

i) sup, A'(x) < oo or _
ii) E(Y") < oo and supycpj) A’(0) < oo.
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Then
EY [ sup EXIY {E(Y, X, 0)“}j| < 00.
HeB(0)
Proof. We can bound

EXY{©(X,Y,0)
EY|: sup EXIY {E(Y,X,Q)u}] :EY|: SUp —y {li)( - )j:|
0eB@) vep@ E°" {0(X,Y,0)}

< EY| sup <7 ~K3 — | < o0.
€EB(§)E W {w(X, Y,0)}

where the first inequality is by Corollary 3 and the second by Corollary 1. ]

Theorem 5 and Theorem 6 provide simple and verifiable conditions for Assumption 4 to hold in the
case of generalized linear mixed models when using a Gaussian proposal or a ¢-distribution. We have
established these conditions by formulating assumptions on the models and the proposal. The assumptions
that are required for the model are fulfilled in the Binomial and Poisson cases as pointed out in Remark 4.
Gaussian proposals require that the variance is large enough, namely

1+ A
2o 1 F 2,
9724 A
where 0 < A < 1 corresponds to the quantity in Assumption 4. When one proposes from a z-distribution
instead, no such restriction is required.

S4. FURTHER SIMULATION STUDIES
S4-1.  Toy example

We consider first a simple Gaussian latent variable model where
X, ~N@,1), Yi | X; =x ~N(x,1).

Here X,, (t = 1,..., T) are assumed to be independent. In this case, the likelihood associated to T ob-
servations can be computed exactly as p(y;.7 | ) = HIT:] @ (y¢; 0,2). This makes it an easy example to
examine Assumption 1. The maximum likelihood estimator and Fisher information are given by

1< T
=—ZY,, Ir (0) = Iy = —.
T & 2

If we assign a zero mean Gaussian prior to € of variance ag then the posterior is also normal with mean

. 2
Hpost and variance o,

1 T\ (>, v 5 1 T\
Hpost = (0—02 + 5) (T)s Opost = ((T_g + 5) .

Assume the data are arising from the model with true parameter value 6. It follows readily from Pinsker’s
inequality that the Bernstein-von Mises theorem holds for £ = 2 as we have as T — oo

/( 20— o (0:00, 17 )‘d&:/‘(/) (6 1poss ) = 0 (e,é;), ;)‘de o

given by
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Hence this model fulfils Assumption 1. To estimate the likelihood we simulate data from the model with
6 = 0.5 and use 0'02 = 10'°. The likelihood is estimated using importance sampling

T . N
N 1
porr 16, 0) =] N D o — Ui 0,1), Ui ~N(O,1).

r=1"" i=l
In order to prove that Assumption 3 is fulfilled we show the stronger Assumption 4, i.e. for some A > 0

- U; 9’ 1 24+A
E| sup E {E(y, U, 0)2+A} =E| sup E d%) 2-2A < 00
963(@) HEB(é) Cﬂ(y, 0’ 2)

In a first step we compute for a > 0
1/2
g e -Us0, 1" 2e-1)" /°°e ay—x =07 aby =07 x),
= X — _ X
0(7:0,2)" 7 P 2 1 >

1/2
_(2“—1)/ /°° ( 2a(y—x—0)2—a(y—9)2+2x2)
= expl — dx
T 0 4

Completing the square yields

2a(y — x —0)? —a(y — 0)> + 2x>

a 2 a(a—1) )
—20+ ) (v- 5 0-0) - =Po-0)
and
p(y—-U;0,1)"| ( 2¢ 12 aa—1) 2
| eaa | = (i) elsao-o)
‘We now consider

sup E {w( UH)“}—( 2z )l/zex aa—-D sup {(y — 6)%}
HEB%) » o ~\a+1 P 4a+1) 9e31()9’) g '

Now let us write
(=02 =(-0+0-0)
=0 —=0)>+2(y—6)@ —0)+ @ —06)*

and consider 6 € B(f) corresponding to |0 - §| < ¢, where & > 0. It is clear then that (y — 6)? is opti-
mised over B(0) ateither® =@ + c ord = 0 + ¢. Letus denote yp = y — 0 andd = 6 — 0 for simplicity
so that

(v =0)* = yp +2ypd +d?,
Then we consider an upper bound on this which is quadratic in yp as
(I +a)yph + (1 + &%),

where we need to determine a to achieve bounding for all values |d| < ¢. By symmetry of the left-hand
side, we need only consider the supremum case d = ¢ so that

(1+a)yh + (1 +&%) > yh +2ype + &2,
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in which case, examining the roots of the resulting quadratic in yp, it is required that 462 — 40 < 0, s0
a > ¢2. Taking a = &2 and using the bounding quadratic expression we obtain,

1
_ 24 \2 ala—1) 5
sup E[w(y, U, 0)] =( ) expy——— sup {(y —6)7}
HEB(g) a+1 [4(61+1) QEB(E) ]

2a \1 a(a—1) — oo ala—1) 5
<(37) e | -vraragagga ]

=g(y;a).
So finally it is required that
OO p—
Ey{g(y;a)} =/ g(y;a)p(y; 0,2)dy < oo,
—00

fora =2 + A for some A > 0. The above integral is finite when

a(a—1) s
m(l-‘r&' ) <1.

Hence witha = A + 2,

5 G+ A)
N G )
C+AMI+4A)

with the right-hand side always positive provided A < V2 -1.

We apply the pseudo-marginal method to this model to demonstrate how our result can approximate its
characteristics. For the Markov chain, we use a random walk proposal with variance equal to the inverse
Fisher information 7 ! scaled by £ = 2. For each T, we run a pseudo-marginal chain for various N to
sample the posterior for 250000 iterations as well as the limit Markov chain of kernel ﬁ[,,;. In Table S4-1
we summarize the simulations results. As expected, we find that both the average acceptance probability
and the integrated autocorrelation time for f () = @ of the pseudo-marginal algorithm converge to those
of the limiting Markov chain as T increases.

S4.2.  Stochastic Lotka-Volterra Model
Assumption 3 is difficult to verify in state space models. To illustrate the applicability of our results
beyond latent variable models we investigate here a stochastic kinetic Lotka-Volterra model arising in
systems biology. Such models are used to describe interacting species in a predator and prey setting. In
particular we consider the model with transition equations given by

P (Xl,t+h - Xl,t =1, X2,t+h - X2,t =0] Xl,t = X1,t5 Xz,z = x2,z) = ﬂlxl,z + O(h)
P(Xt,4n — X1,0 = =1, Xoygn — Xoy = 1| X1y = x1,4, X2 = x2,4) = Pox1,x2, + 0(h)
P(Xi4n — X1,0 =0, Xo 0 — Xop = =1 | X1y = x14, Xo,p = x2,4) = Baxa, + o(h),

where X1 ; and X, ; denotes the number of preys and predators at time ¢ € [0, T']. This model has

been previously investigated, for example in (Andrieu et al., 2009) and (Wilkinson, 2012). We assume
independent gamma priors for the kinetic rate parameter vector = (51, f2, f3) with

p~TG,5), p~TI15,10), p3~TI(35,9).

In our simulations we assume we are only able to observe predator and prey X; = (X1, X2,,) at discrete
equidistant time points with independent measurement error Y; ; = X; ; + W;;, i =1,2, t =0,...,50
where W; ; ~ N (0, 10%). The artificial data have been generated using the Gillespie algorithm (Gillespie,
1977) for the rate constants § = (1, 0-005, 0-6).
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Table 1. For T data and N particles: standard deviation o of the log-likelihood
estimator at 0, integrated autocorrelation time © and average acceptance proba-
bility pacc for pseudo-marginal kernel with € = 2 and limiting kernel Py_ ;.

DataT  Particles N 6 AT Prace IAT (13[:25 J:&) Prace (13[:2, g:,;)
T =20 6 1-70  17-55 18-69% 31-25 15-32%
8 144 1234  23-14% 17-62 20-27%
10 1-24 1076  26-34% 12-44 24-25%
12 1-12 898 28.78% 10-02 27-19%
T =30 8 1-83 2770 15-41% 46-57 13-17%
11 1-47 1632  20-24% 18-64 19-61%
14 1-30  12-04 24-03% 12-74 23-29%
17 1-16 10-85 26-68% 9.91 26-09%
T =50 20 1-85 3046 13-94% 41.53 13-10%
30 1-48 1859 19-58% 17-53 19-51%
40 1-29 1330 23-59% 11-63 23-34%
50 1-16 1051 26-86% 9.91 26-09%
T =100 20 1-86 3464 13-01% 41-04 12-81%
30 1-51 1798 19-15% 18-73 18-93%
40 1-32 1456  23-15% 13-59 22-99%
50 1-16 1051 26-33% 9.91 26-09%
T =200 80 1-83 3835 13:11% 46-57 13-17%
120 1-52 2065 18-90% 20-42 18-58%
160 1-30  13-87 22:94% 12-74 23-29%
200 1-17  11-15 26-07% 9.73 26-05%

In this context, it is difficult to develop standard MCMC algorithms to sample the posterior distribution
while the pseudo-marginal algorithm can be easily applied as an unbiased estimate of the likelihood can be
computed using a bootstrap particle filter; see, e.g., (Andrieu et al., 2009) and (Wilkinson, 2012, Chapter
10). We use a multivariate Gaussian random walk proposal with scaling factor £ = 2-17 and covariance
matrix close to the posterior covariance, which we estimated in a short preliminary run. This can efficiently
implemented in R (R Core Team, 2017) using the package smfsb (Wilkinson, 2012) and the example code
which can be found on the author’s blog.

The algorithm is then run for 250000 iterations. We collect acceptance rate and computing time
CT(N) = IAT(N) - N for a range of particles N, see Table S4-2. In practice we do not choose o (9) ,
but the number of particles, N, which is also displayed in Table S4-2. For comparison we also give an
estimate of o (9) for given N.

The computing time is optimized at N = 225 for all rates, 1, > and 3. We estimate ¢ (é) to be 1-44,
slightly above the results of Table 1 suggesting ¢ = 1-24. The corresponding acceptance rate of 18-57%
is in accordance with the one suggested by our theory, which for parameter dimension d = 3 yields an
asymptotically optimal rate of around 19-30% (£ = 2-17, 0 = 1-24). We conjecture that the deviation
from the results obtained in the limiting case are due to the fact that the posterior is not very concentrated
around 6.

Sherlock et al. (2015) carry out Bayesian inference for a 5-dimensional stochastic Lotka-Volterra model
using the pseudo-marginal algorithm based on a data set with 7 = 50 observations. The authors optimize
over a grid of values for both ¢ and ¢. Experimentally, it was found that the optimal standard deviation was
o ~ 1-45 and the optimal tuning for the random walk achieved at £ = 2-048 with an associated optimal
jumping rate of 15-39%. This is slightly above our guidelines with the values Gop = 1-30, fopt =217

and pr,. (&opt, l, opt) = 17-35% obtained in Table 1.
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Table 2. Comparison of the computing time for different num-
bers of particles in the stochastic Lotka-Volterra model.

Particles N Acceptance Rate  CT(8]) cCT(f2) cT(f3) 6@)

100 8-:92% 7375 9035 7564  2.38
125 11-17% 6668 6717 6580  2-10
150 13-44% 5805 5903 6208 1.84
175 15-62% 5688 6137 6101 1-68
200 17-03% 5564 5632 5744 1.55
225 18-57% 5178 5452 5122 1-44
250 19-54% 6107 6958 5831 1.36
275 20-82% 5473 6087 5248 1.30
300 21-47% 6436 6340 5959 1.22
325 22-41% 5771 6586 6178 1-19
350 23-20% 6406 6234 6393 1-13

T T T T
0.85 0.90 0.95 1.00 1.05 0.0044 0.0046 0.0048 0.0050 0.0052

B3

T T T T T T T T T
0.85 0.90 0.95 1.00 1.05 0.0044 0.0046 0.0048 0.0050 0.0052 052 054 056 058 060 0.62

Fig. 2. Histogram of marginal posterior p(f; | y1.7), i =

1, 2, 3 on the diagonal with Gaussian approximation (line)

using sample mean and variance. In addition, we show den-

sity estimates of the projections to the plane. The ellipses

indicate the contour lines of a Gaussian with sample mean

and sample covariance matrix. It is clear from the plots that
the posterior is very close to a Gaussian.
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